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Abstract

Does labor court uncertainty and judge subjectivity influence firms performance?

We study the economic consequences of judge decisions by collecting information on

more than 145,000 Appeal court rulings, combined with administrative firm-level

records covering the whole universe of French firms. The quasi-random assignment

of judges to cases reveals that judge bias, defined as judge-specific differences

on qualifying dismissals as wrongful and granting compensation, has statistically

significant effects on the survival, employment, and sales of small firms, especially

among very small and low-performing ones. When compensation for wrongful

dismissal is instrumented by judge bias, an increase in compensation of 1 percent of

the payroll reduces employment by 3 percent after 3 years for those firms. However,

we find that the uncertainty associated with the actual dispersion of judge bias is

small and has a non-significant impact on their average outcomes.
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1 Introduction

Outcome unpredictability, the fear of a differentiated treatment, and judges’ alleged
pro-worker biases are frequent worries of businesses heading to labor court. Recently,
many advanced economies have therefore enacted reforms that restrict judge latitude in
awarding compensations, with the objective of limiting economic uncertainty and guarding
businesses against dramatic outcomes.1 However, none of these regulations has been
grounded on rigorous quantitative analysis, partly for lack of appropriate data.

This paper therefore presents the first systematic evidence of the impact of labor
court judge bias on firms economic performance. We use text analysis to extract rich
information from about 145,000 decisions made by French Appeals court over the period
2006-2016. This allows us to identify judge bias – defined as the effects of judge-specific
differences on compensations for wrongful dismissals – from the quasi-random allocation
of cases to judges.

We find evidence that some judges are more pro-worker than others, meaning that
conditional on observables, they are more likely to i) consider more often that dismissals
are wrongful and ii) set higher compensation levels conditional on characteristics of cases.
The difference between the compensation set by the most pro-worker and the most pro-
employer judges is significant: moving from the bottom decile to the top decile of judge
bias increases expected compensation payments by about two months of salary, or 20
percent of the average compensation.

We then explore the impact of judge bias on firm performance, drawing on administra-
tive firm-level records covering the whole universe of French firms. Given that these cases
overwhelmingly concern the dismissal of a single employee at a time,2 we focus on small
firms – below 100 employees at the date of the judgment – for which the magnitude of
the associated cashflow shocks are more likely to matter, and which therefore provide an
upper-bound of the uncertainty effect we seek to estimate. From reduced-form regressions,
we find that the judge bias has in fact a significant impact on firm survival, sales and
employment, but only for those firms that are very small – 10 employees or less – and

1In Italy, the 2014 Jobs Act, the Renzi cabinet’s main labor reform, aimed at reducing uncertainty
due to excessive litigation and the unpredictability of judges’ decisions (Boeri and Garibaldi (2018)).
Similarly in France, the 2017 Ordonnances reforming the labor code introduced a ceiling to the level of
compensation granted by judges, based on firm size and worker seniority. In a majority of European
countries, judges’ discretion in compensating the individual damages following wrongful dismissals is
actually capped (see Annex A). In the U.S., employment protection is overseen by the National Labor
Relation Board (NLRB) whose judges have been denounced by some critiques as being influenced by
partisan ideology (Turner (2006), Semet (2016)).

2The small number of collective layoffs does not provide sufficient observation to proceed to a
quantitative analysis
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low-performing – return on assets below the median. There are no significant effects for
the other firms. From instrumental variable regressions, in which the compensation for
wrongful dismissal is instrumented by the judge bias, we find that an increase in the
amount of compensation of 1 percent of the payroll of the firm reduces employment at 3
years horizon by 3 percent for firms whose returns on assets is below the median, but has
no employment effects for other firms.

We pay special attention to establishing the credibility of our identification strategy,
which is supported by several key institutional features. Appeals cases for wrongful
dismissal are decided by three-judge panels composed of a president and their two
assessors in a section of the court called “social chamber”. We focus on the presidents,
who oversee all the rulings and accordingly play a key role in deciding the case, and
leverage their rotations across courts. To identify the effects of judge-specific differences
on compensations for wrongful dismissals, we compare the compensations decided by
subsequent presidents of social chambers within the same social chamber of the same
Appeal court within the same year. More precisely, we estimate for each judgment the
president bias using a leave-one-out difference between the average compensations for all
other cases that a president has handled and the average compensations handled in the
same social chamber within the same year by all presidents.

In order to document the random allocation of cases to judges, we first perform an event
study to verify whether judges of different types judge firms with similar performance before
the judgment. In particular, we compare total, permanent and temporary3 employment
growth relative to the year preceding the judgment for two groups of firms : (i) firms
which face a pro-worker judge, whose bias is above the median and (ii) firms which
face a pro-employer judge, whose bias is below the median. We find that employment
growth is not statistically different between those two groups of firms before the judgment.
However, total and permanent employment start diverging after the judgement, especially
among small and low performing firms. Eventually, we verify that the allocation of judges
is unrelated to the observable worker and firm characteristics of the cases they judge.
We therefore interpret the differences between leave-one-out mean compensations set by
subsequent judges in the same social chamber of the same Appeal court in a given year as
reflecting the influence of judges’ subjectivity.

What would be the impact of eliminating the dispersion of judge bias on firms’ average
outcomes? To answer this question, we consider three thought experiments, assuming
either i) that the bias of all judges is set to zero, or ii) that the bias of pro-worker judges
is set to zero while that of pro-employer judges is unchanged, or iii) that the bias of all

3We count as permanent employment the employees hired on open-ended contracts or CDI (Contrat a
durée intederminée), as opposed to CDD (Contrat a durée determinée).
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pro-employer judges is set to zero while that of pro-worker judges is unchanged. In each
case we find small statistically non-significant effects even for small, low-performing firms.
Hence, we conclude that the actual dispersion of judge bias has no significant effects on
the average performance of firms in our context. An important open question that our
study cannot address, however, is the possibility that all judges are biased, meaning that
setting all biases to the mean does not ensure the absence of bias of all judges in the
interpretation of labor laws (Ash et al., 2018).

Our results should be interpreted cautiously as the dispersion of judge biases is itself
an endogenous object, which may influence the decisions of firms and workers to go to
court, even if the matching between judges and cases were random. More uncertainty
about judge decisions likely induces more workers and employers to go to court, raising the
litigation rate, and alters the composition of the set of cases going to litigation (Priest and
Klein, 1984a; Lee and Klerman, 2016). To assess the strength of these potential selection
effects, we compute the firm’s risk premium associated with the dispersion in outcomes
arising solely from the judge bias. Reassuringly, we find that the effect of the dispersion
of judge bias on the selection of cases that go to Appeal courts is likely negligible, since
the associated risk premium is at most equal to 1.5 percent of the expected amount of
compensation conditional on observable worker and firm characteristics.

Our paper makes three important contributions to the literature. First, we provide
the first direct estimate of labor court judge bias on dismissal compensation, thanks to a
novel dataset with detailed, case-by-case information about compensation for wrongful
dismissal. Differentiated treatment by judges has been investigated in a rapidly growing
and influential empirical literature, in particular regarding criminal sentencing (Scott
(2010), Dobbie et al. (2018), Yang (2015), Bhuller et al. (2020)), bankruptcies (Bernstein
et al. (2018a), Bernstein et al. (2018b)), or decisions related to disability benefits (Autor
et al. (2015), Dahl et al. (2014), French and Song (2014), Kostol et al. (2017), Maestas
et al. (2013), Autor et al. (2019)). Relying on the quasi-random or random allocation
of judges to cases, these contributions generally find that differentiated treatment by
judges is significant, but, importantly, that it can be mitigated by sentencing guidelines
(Scott (2010), Yang (2015), Cohen and Yang (2019)). Bamieh (2016) uses this approach
to infer firing cost variations from the dispersion in trial duration in Italian labor courts
driven by quasi-random judge appointments. Semet (2016) finds that the propensity to
reach a decision favoring labor increases with each additional Democrat judge added to
a panel of the US National National Labor Relation Board. Our main addition to this
literature is to establish the differentiated treatment by judges both on the qualification of
dismissals and, crucially, on the amounts of compensation themselves, when the dismissal
is deemed wrongful. Our two measures of judge bias are in line with previous research
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studying the impact of extraneous factors on the qualification of dismissals as unfair by
judges. Ichino et al. (2003), Marinescu (2011) and Jimeno et al. (2020) show that the local
unemployment and bankruptcy rates influence the probability that judges deem dismissals
unfair. Consistent with these contributions, our findings show that judges retain some
degree of autonomy in their interpretation of labor laws.4

Second, the paper establishes the causal impact of dismissal costs surprises on firm
performance, thanks to the merging of data on compensation for wrongful dismissal with
administrative firm-level records. A vast empirical literature analyzes the labor market
impact of dismissal costs (see Cahuc et al. (2014) for a survey) but causal evidence has
mostly hinged on aggregate exogenous variations. In particular, studies of the effects of
court decisions regarding unfair dismissals on firms’ outcomes (Autor (2003), Autor et al.
(2006), Autor et al. (2007), Boeri and Garibaldi (2018), Fraisse et al. (2015), Gianfreda
and Vallanti (2017), Martins (2009)) typically use the implementation of reforms of
Employment Protection Legislation to assess the effects of dismissal costs on employment
or productivity. Autor et al. (2007) use the adoption of wrongful discharge protections by
U.S. State courts and find that higher employment protection leads to lower employment
flows, lower firm entry rates and lower total factor productivity. In France, Fraisse
et al. (2015) use an instrumental strategy based on shocks to the supply of lawyers and
infer that an increase in dismissal costs leads to a decline in employment fluctuations.
Closest to our paper is Bamieh (2016) who shows that longer trials induced by specific
differences in judges randomly assigned to firms reduce the labor turnover and increase
employment in Italy. In contrast, our paper differs from previous studies in several crucial
aspects. In the first place, we analyze the impact of the differentiated treatment by judges
concerning the qualification of dismissals and the compensation for wrongful dismissal
on firm performance. This is the first contribution exploiting such information at the
firm level. In addition, this allows us to identify, for the first time, the causal impact
of surprises on dismissal costs on firm performance. This is a key point insofar as the
uncertainty associated with dismissal compensations is considered to be a major feature of
employment protection legislation in European countries (Ichino et al. (2003), Marinescu
(2011), Berger and Neugart (2011), Martín-Roman et al. (2015), Jimeno et al. (2020) and
in the US Posner (2008)). Besides, our contribution looks at the impact of employment
protection legislation on the survival of small firms, an issue which has been overlooked

4This is also consistent with Jimeno et al. (2020)’s study of Spanish labor reforms of 2010 and 2012.
Despite a broadening of the definition of fair economic dismissals, the proportion of economic redundancies
being ruled as fair by labor courts has not substantially increased. This discrepancy between the evolution
of the legal rules and the "effective" rules is interpreted as arising from the opposition of judges to
the change in the legal definition of fair dismissals, suggesting that judges have significant margin for
interpreting legal rules.
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by the literature so far. We find statistically significant effects of shocks on compensation
for wrongful dismissal on employment and sales for firms whose returns on assets is below
the median. From this perspective, it is related to the corporate finance literature that
assesses the effect of exogenous cash flow and credit shocks, positive or negative, on
firms (Blanchard et al. (1994), Chodorow-Reich (2013), Giroud and Mueller (2017), Rauh
(2006)) and the effects of labor market regulation on access to credit (Simintzi et al. (2014),
Favilukis et al. (2020).

Third, we investigate the potential uncertainty effect of reducing the dispersion of
judge bias on average firm performance, a main motivation behind several recent labor
market reforms in Europe. We are not aware of any contribution shedding light on this
issue. Our findings indicate that although the bias of some judges does have a significant
impact on the performance of small, low-performing firms, the dispersion of bias is too
limited to have significant effects on the average performance of those firms. This finding
is striking to the extent that recent reforms have been implemented in 2017 to reduce
the supposedly dispersion of judge bias in France, while our findings indicate that this
dispersion has negligible effects over the 2006-2016 period.

The paper is organized as follows. Section 2 describes the French institutional setting
and Section 3 the data. Section 4 presents evidence about judge bias. Section 5 documents
the impact of judge bias on firm survival and employment. Section 6 concludes.

5



2 Institutional background

This section starts by presenting the regulation of termination of open-ended employment
contracts, which represent about 85 percent of ongoing contracts in France, before providing
an overview of the organization of courts and describing the assignment of judges to cases.

2.1 Legal framework

Following the termination of an open-ended contract, employees with a tenure longer than
one year and who did not commit any serious or gross misconduct (faute grave or faute
lourde) are granted a minimum legal severance payment calculated as one fifth of monthly
salary per year of tenure, plus an additional two fifteenths after ten-year tenure. These
amounts can be topped up if the professional branch to which the firm belongs has signed
a collective agreement setting higher payouts.

Under French law, terminations of open-ended employment contracts are lawful if they
are justified by a “real and serious cause”, either economic or personal. Dismissals for
economic reasons are lawful only to “safeguard” firms, but not to improve their profitability.
Dismissals for personal reasons are lawful only in case of misconduct or lack of adaptation
to the job. For both types of dismissal, the burden the proof is on the side of employers.
Furthermore, employers have to prove that there is no other position available in the firm
(worldwide in the period we are studying) for dismissed employees when the dismissal is
motivated by economic reasons or by lack of adaptation to the job.

When the employee deems her dismissal wrongful, she can file a complaint before the
Prud’hommes councils, which are courts of first instance. While most European countries
have specialized labor tribunals to deal with dismissal cases (OECD, 2013), in France
judges in Prud’hommes councils are employee and employer representatives, with an exact
equality between the numbers of councilors representing employers and those representing
employees.

Serverin and Valentin (2009) calculate that for economic dismissals in 2006, the rate
of employee recourse to Prud’hommes in case of dismissal is between 1% and 2% while for
disciplinary dismissals it is between 17% and 25%.5 According to Desrieux and Espinosa
(2019), among claims that reached the judicial stage at Prud’hommes council from 1998
to 2012, 62% resulted in the acceptance of the employee’s claims. Similarly Fraisse et al.

5Economic dismissals are therefore very rarely challenged, one reason being that their conditions
are usually negotiated between social partners at the firm level. Another reason is that these layoffs
only account for 2% of all exiters, since employers prefer to have recourse to personal motives given
the complexity of their procedure (when more than one person is laid off) and the absence of a legal or
conventional definition of a lawful separation for economic reason (at least until a 2016 law which clarified
this notion).
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(2015) estimate that in the 1996-2003 period, “60% of cases end up with a trial, among
which 75% lead to a worker’s victory”.

The decisions of the Prud’hommes council are appealed in most of the cases: the
appeal rates are, according to Guillonneau and Serverin (2015), between 60% and 67% in
the 2004-2013 period. From 2006 to 2016, we find that only 45% of Prud’hommes councils
decisions about compensations for dismissal were confirmed by Appeal courts. Insofar
as appeal rates are very high and the appeal suspends the application of the decisions
of Prud’hommes councils which are frequently not fully confirmed, the compensation
for wrongful dismissals decided at the Appeal court level is a better measure of the
compensation to be paid by the firm than that decided by Prud’hommes councils.6

Therefore, in what follows, we use the compensation for wrongful dismissals decided by
Appeal courts.

2.2 Overview of Appeal court’s organization

There are 36 Appeal courts and 210 Prud’hommes councils. Each French Appeal court
has different chambers, among which at least one social chamber treats cases coming
from the Prud’hommes council. Some Appeal courts have several social chambers, such
as the Paris court which has fourteen of them. There is one president for each social
chamber. This chamber president has administrative responsibilities within the court, and
is in charge of presiding over all the chamber’s trails. She can nevertheless be replaced
whenever needed, for instance during holidays. For each judgment, the chamber president
is assisted by two councillor-judges.

The status of judges and their mobility is determined by the Ordonnance Organique
of 22 December 1958. This regulation states that judges in Appeal courts are “placed
judges”, i.e. assigned to a given Court or a given Chamber in a specific position according
to decisions made every year by the First President of the Court of Cassation (the highest
civil jurisdiction) and the First President of the Appeal court. Promotions are based
on merit and decided every year by a National Commission of Advancement. The First
President of the Appeal court herself is placed by a decree signed by the President of
the Republic following the recommendation of the independent National Council of the
Judiciary. Besides, mobility requirements are enforced through several regulations, such
as promotions awarded only to judges in a given position for less than 5 years in a same
jurisdiction (7 years from 2017), the prohibition to stay in the same specialized function in
the same jurisdiction more that ten years altogether, or geographical mobility requirements

6In any case, data about Prud’hommes councils decisions are not available.
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to achieve the first grade of the remuneration schedule (organic law 2001-539 of June
25th, 2001). The turnover that follows is substantial: every year 20% of positions are
re-assigned among judges (Conseil de la Magistrature, rapport d’activité 2016).

Importantly, the First President of the Appeal court sets objective criteria driving the
distribution of the cases between the various chambers of the Appeal court, independently
of the judges’ identity, under the control of the assembly of judges (articles R312-42 and
R312-42-1 of the Judiciary Organisation Code).

2.3 Assignment of judges to cases

To identify judge bias, the allocation of cases to judges must be independent of judges
observable and non-observable characteristics. Therefore, our identification strategy
relies on the quasi-randomness of the allocation of cases to judges. Two aspects of
the organization of the judicial system imply that the allocation of judges to cases has
important random components, i.e. does not depend on the identity of judges.

First, it takes a judge on average two years from the time of her appointment to rule
on all the cases assigned to the social chamber prior to her arrival. The composition of
the court cannot be changed by plaintiffs and judges cannot select their cases, except
for conflict of interest. The presence of this backlog and the fact that cases cannot be
re-allocated imply that it is almost impossible to assign a case to a specific judge, because
the average spell of a judge in a social chamber is equal to about 2.5 years, meaning
that the identity of the president that will judge a case assigned to a social chamber is
generally unknown when the case is allocated to the social chamber. Moreover, when a
president is absent, for vacation, sickness, vocational training or any other reason, she is
replaced by the president of another chamber who judges the cases which are scheduled.

Second, the selection of cases settled before going to court can be influenced by the
judge in charge of the case. However, employers, workers and lawyers do not know with
certainty the identity of the president until the day of the judgment for several reasons:
a new judge may be appointed, the judge may be absent and replaced by another one.
In addition, in the case of larger Appeal courts, the existence of several social chambers
in the same court implies that the social chamber that will judge the case is not known
before the judgment.7

These institutional features imply that the assignment of judges to cases has important
random components that we will leverage to identify the judge bias as explained in Section
4.2.

7Our main analysis relies on all Appeal courts, but we show that our results hold when the sample of
cases is limited to large Appeal courts with several social chambers (see Section 5.5).
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3 Data

3.1 Compensation data

The empirical analysis draws on a newly created dataset of French Appeal court rulings
from 2006 to 2016 bringing together, for the first time, detailed information on com-
pensation amounts decided in court along with a rich set of firm characteristics. From
the court rulings, we extract a wide array of variables related to each case, as well as
the firm’s name and address. Then, using the firm’s name and address, we are able to
retrieve the firm’s unique administrative identifier (SIREN ), which allows us to link our
compensation dataset to comprehensive, matched employer-employee data as well as to
financial variables. This section highlights the key steps in the construction of this dataset
and the main features of the data. Appendix A.5 provides additional and technical details.

First, we gather 145, 638 Appeal court rulings published by the Ministry of Justice
Each of these text documents contains a lot of information in a semi-structured format.
Court rulings usually provide a description of the history of the contractual relationship
between the employee and the employer. This presentation of facts also includes the
claims of the parties and the decision of the Prud’hommes council. Court rulings then
describe the reasons for the Appeal court decision and end with the compensation for
dismissal if the dismissal is deemed wrongful. Figure 2 shows an extract of a typical
ruling.

When her dismissal is ruled wrongful, an employee may receive additional compen-
sations on top of the compensation for wrongful dismissal. Tracking and accounting for
these different forms of compensation is important because even though the legal bases
for granting them are distinct in principle, judges’ full understanding of the case at hand
might in practice create correlation patterns between these amounts. In other words,
it is possible that a judge’s appreciation of the case might color not only the amount
granted for unfair dismissal but also the other forms of compensation. Possible additional
compensations include: moral and financial damages, compensation for unpaid wages,
etc.8

We extract all these variables automatically from the Appeal court rulings using a
Python program based on keywords extraction and natural language processing techniques.
In order to control the quality of the process, we assessed the accuracy of the results on
a manually-filled dataset forming a subsample of about 2,500 observations, selected at
random. We find that the correlation between the compensation amount of the manually-
filled and the automatically-filled datasets is equal to 94%, which is in the upper range of

8See Appendix A.5 for a more complete list of the dozens of possible additional compensations.
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seminal papers using this type of approach (Baker et al. (2016)).
Finally, we also retrieve the unique administrative firm identifier known as SIREN,

either directly from the text when it is displayed, or, using the firm’s name and address,
after an automatic search on online companies registries such as societe.com and bodacc.fr.
The SIREN identifier, assigned by France’s statistical agency to each company, then
allows us to merge our rulings compensation dataset with French administrative social
security and tax data. In some cases where the company is very small or when the cases
were launched a long time ago, we were not able to retrieve the SIREN.

3.2 Social security and tax data

In order to analyze the impact of judge decisions on firm performance, we combine our
novel rulings data with two comprehensive administrative datasets. Because both have
been used in the literature we only briefly highlight their main characteristics

Matched employer-employee data. We merge the compensation data with social
security data thanks to the firm identifier. We use the comprehensive matched employer-
employee dataset called DADS Postes Déclarations Administratives de Données Sociales
from 2002 to 2015, which reports detailed payroll information about each employee working
for a French private firm. This dataset allows us to track the evolution over time of the
wage bill and of the number of employees of the firms in our rulings dataset.

Tax data. We rely on tax data, FICUS-FARE, that contain the full company accounts,
including for instance sales, net income, EBITDA. From these files we are able to construct
a wide array of indicators for the firm’s financial health such as the firm’s leverage ratio,
the return on assets, etc. These data are available from 2002 to 2016.

3.3 Sample restriction

From our initial sample of 145,638 rulings, we select those for which it is indicated that
the firm was not in liquidation at the judgment date, because dismissal compensations of
liquidated firms are paid by a public insurance agency (Agence de Garantie des Salaires).
Since the parties involved in these cases are no longer the employer and the employee, but
the employee and the public agency, these cases are not suitable to identify judge bias in
situations where employers are directly involved. Then, we eliminate cases for which the
relevant information about the presiding judge’s name and surname, the total amount of
compensation, and the monthly wage was either not retrieved or is not available. While
the most important information is often retrievable – the identity of the Appeal court,
compensation amounts for wrongful dismissal, worker’s wage and seniority, location of
the Prud’hommes council, whether the worker or the firm was the appellant, etc. – there
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are sizeable variations in the amount of available information from one ruling to the next.
This heterogeneity reduces the size of the useable sample by about a half. Finally, we
eliminate cases in which the employer belongs to the public sector and those judged by
judges who have judged less than 50 cases. We end up eventually with 37,149 cases and
159 presidents9 (See Table 1 ). The 159 presidents who judged more than 50 cases cover
93.3% of cases among the universe of cases that we analyze. Each of these presidents
judged 450 cases on average with a median equal to 339.

4 Judge biases

This section is devoted to the analysis of judge bias. We start by reporting descriptive
statistics about judgments before presenting the empirical strategy used to identify judge
bias and showing the results.

4.1 Descriptive statistics

Table 2 presents descriptive statistics of judgments at the case-level. Our sample comprises
only cases that are judged in Appeal courts. The average amount of compensation for
wrongful dismissal granted by Appeal courts is equivalent of 4.3 months of salary, while
the total amount, including other possible indemnities for unpaid leave, unpaid (overtime)
hours worked, unpaid notice, or (more rarely) compensation for damages in case of
harassment or discrimination, represents 10.5 months of salary. The worker appeals in
58% of cases.

Figure 3 displays the histogram of the compensation for wrongful dismissal in monthly
wages, conditional on being positive. There is a mass around six months of salary: this
stems from French legislation that institutes a minimal threshold of six months of salary
for workers with more than 24 months of seniority employed in firms with more than 11
workers, when the dismissal is deemed wrongful.

Table 2 also provides information about differences between decisions of Appeal courts
and Prud’hommes. The amount given at Appeal court is the same as the amount decided
at Prud’hommes in 45% of cases, while it is higher in 38% of cases and lower in 17% of
cases. The average compensation for unfair dismissal set by Appeal courts is much higher
(12.288e) than that of Prud’hommes (7.236 e).10 All in all, Appeal courts are more

9Let us remind readers that the court is composed of a president and two councillor-judges. The
president, who is in charge of supervising the writing of the judgments, plays the key role in the judgment.

10Note that we consider here only Prud’hommes judgments which are appealed and reach the Appeal
court, as the information about other Prud’hommes judgments is not available
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favorable to workers than Prud’hommes. Figure 4 shows the scatter plot of the amount of
compensation in monthly wages depending on seniority set by Appeal courts (right panel)
and by Prud’hommes (left panel). It is apparent that there is an important dispersion of
the amount of compensation conditional on seniority in both tribunals. Table 2 shows that
the variance of the compensations of Appeal courts is larger than that of Prud’hommes.

Obviously, the variance of compensations conditional on seniority originates from the
diversity of situations specific to each case. Nevertheless, the subjective interpretation of
judges might exert an important influence, as suggested by the difference between the
judgments of Prud’hommes and Appeal courts, which is significant at all amounts of
compensation (Figure 5). Only a small share of the variance of compensations is explained
by observable case characteristics: for instance, only 13.6% of the variance is explained by
salary and seniority. Adding many other covariates11 makes this share jump to 32.9%. In
other words, 67% of the variance of dismissal compensation is still left unexplained when
controlling for a wide range of covariates.

We use two types of variable to evaluate a judge’s bias: i) the frequency at which the
judge grants a positive compensation to the worker (for unfair dismissal or any other
motive), and ii) the amount of compensation.12 First, Figure 6 displays the histogram
of the frequency at which the judge grants a positive compensation. Figure 7 shows
that amounts granted for unfair dismissal are positively correlated with the amounts
granted under other motives. On average one month of salary granted for unfair dismissal
is associated with one third of additional monthly wage granted for other motives. In
other words, judges’ decisions not only bear on amounts granted for unfair dismissal,
but also on other compensations related to contract breach, like unpaid hours of work,
compensation for non-respect of the dismissal procedure and other reasons enumerated in
Section 3.1. Therefore, the main variable of interest we use throughout our analysis is the
total compensation for contract breach (for unfair or any other motive), the histogram of
which is exhibited in Figure 8.

In order to identify the judge bias, the allocation of judges to cases must be random.
We devise in the following section our strategy to consistently identify judges biases.

11i.e. controlling for the amount granted at Prud’hommes, the amount claimed by the worker, the
firm’s number of workers, whether it was the worker who appealed, whether it is an economic dismissal
and the time elapsed between the dismissal and the appeal judgment

12Our measures of Appeal courts judges bias do not rely on the difference between the outcome of the
Appeal court and the outcome of Prud’hommes insofar as Prud’hommes’ decisions are influenced by the
potential bias of Prud’hommes counselors.
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4.2 Empirical strategy

Our empirical strategy rests on the assumption that the allocation of judges to cases is
random. As argued in Section 2.3 this is supported by three key institutional features: i)
judges inherit a large backlog, ii) judges are mobile and iii) defendants and plaintiffs have
limited information about the identity of the judge which ensures that the personality
of judges does not unduly generate case selection through pre-trial settlement. In this
context, the random component of the allocation we use is the allocation of cases across
different judges within court, social chamber and year. Hence, we rely on differences
between decisions of presidents belonging to the same social chamber within the same
year.

In a given year, the president of a social chamber may move to another job, either to
another Appeal court or to another position within the same court, and is then replaced
by a new president. The initial judge and the new judge may have different interpretations
of labor laws influencing the amount of compensation in case of dismissal. For instance, in
year 2014 and social chamber 1 of the Paris Appeal court, a case may be either allocated
to president A in the first part of the year, or to president B in the second part of the
year, as shown by Figure 9. Although unlikely, a non-random assignment of cases to
judges is still possible. For instance, it is possible that judge A is specialized in sexual
harassment cases and that all those cases allocated this year are systematically assigned
to this judge. However, what makes such an allocation of cases highly implausible is
the large backlog in each social chamber – the average waiting time before judgments is
about two years (667 days), and only 10% of cases are judged in less than 300 days. In
this context, insofar as the cases are allocated to the social chambers at the start of the
appeal procedure, it is very unlikely that cases can be specifically allocated to presidents
whose seniority in the chamber is less than one year. Thus, since we rely on differences
between decisions of presidents belonging to the same social chamber within the same
year to identify judge specific differences, it is unlikely that this identification strategy is
burdened by non-random allocation of cases to judges.

Moreover, if the judge is absent the day of the judgment, he can be replaced by another
judge without notice to the plaintiff and the defendant. Regardless, the presence of several
social chambers implies that the plaintiff and the defendant do not know which social
chamber will judge their case before the judgment. This implies that it is very unlikely
that the identity of the judge in charge of the case influences the settlements before the
judgment.

We implement this strategy by computing, for each social chamber × year pair (k, t)

in which we observe judge j, the difference between the average of judge j outcomes13 in
13The outcome is either the amount of compensation or the indicator variable equal to one if the
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this chamber this year and the average of all outcomes in this chamber this year:

ε̄jkt =

(
1

njkt

∑
i∈(j,k,t)

yi

)
−
(

1

nkt

∑
i∈(k,t)

yi

)
(1)

where i ∈ (j, k, t) means that case i is judged by judge j in chamber k and year t and
i ∈ (k, t) means that case i is judged in chamber k and year t ; yi is the outcome of case i;
njkt the number of judgments of judge j in chamber k during year t and nkt is the number
of judgments in chamber k during year t.

Judges move across social chambers during the period. Our measure of the bias of
judge j is thus the weighted average of ε̄jkt, where the weight of social chamber k in year t
is the share of judgments of judge j in this chamber this year in all judgments of judge j:

ε̄j =
∑

(k,t)∈(K,T )(j)

njkt
nj

ε̄jkt (2)

where (K,T )(j) is the set of all chamber × year pairs (k, t) observed for judge j ; ε̄j is
the bias of judge j.

When we analyze the correlation between judge j bias and the outcome of case i, the
bias of judge j is measured by the leave-one-out mean of case i, meaning that it is judge
specific and case specific. To put it differently, the bias of judge j for case i is14

ε̄ij =
∑

(k,t)∈(K,T )(j)

∑
i′,i′ 6=i

njkt
nj − 1

ε̄i′jkt (3)

where
ε̄ijkt =

(
1

njkt − 1

∑
i′∈(j,k,t),i′ 6=i

yi′

)
−
(

1

nkt − 1

∑
i′∈(k,t),i′ 6=i

yi′

)
(4)

Obviously, by definition:
∑

i∈j ε̄ij = ε̄j.
It is clear that our measure of judge bias relies on their mobility across social chambers

which is crucial for comparing all judges. This measure allows us to rank judges according
to their bias. The higher the degree of judge mobility, the higher the probability to
achieve a perfect ranking (see Appendix A.3). We document the extent of judge mobility
in Figure 10, where each dot represents a judge, and where a line connects two dots if the
two judges shared the same social chamber at least once. As is apparent, the network of
judges is dense, thus indicating a high mobility of judges across social chambers.15

dismissal is deemed wrongful.
14Note that our definition of the bias can be obtained by regressing the outcome for all cases on chamber
× year fixed effects as in the contributions of Dahl et al. (2014) and Dobbie et al. (2018). See appendix
A.2.

15If judges were not mobile whatsoever, one would observe perfectly distinct judge clusters, each cluster
representing one social chamber.
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To further confirm the randomness of the allocation of cases to judges, we conduct
randomization tests in which we regress our measure of judge specific differences on
worker and firm characteristics of corresponding cases. The absence of correlation between
observable characteristics of case and judge specific differences indicates that there is
no selection on observable variables. Though we obviously cannot test the correlation
between judge specific differences and unobserved variables, such randomization tests are
reassuring for our identification strategy.

4.3 Results

Judge subjectivity can influence both the qualification of the dismissal - either wrongful
or lawful - and the compensation amount granted by the judge to the worker. In what fol-
lows, we examine these two aspects of judges’ decisions and we look at how they are related.

4.3.1 Qualification of dismissals

We first construct a judge specific pro-worker bias with respect to the dismissal qual-
ification. Figure 11 presents the histogram of the judges’ pro-worker bias among the
population of cases defined by equation (3). It sheds light on the variability of biases.

Relation between judge bias and the qualification of dismissals

Our measure of judge bias is relevant only if it is significantly correlated with the
qualification of dismissal in each specific case. To check whether our measure of judge
bias is indeed related to the actual qualification of dismissals, Figure 11 displays the
local polynomial fit of the probability that dismissals are deemed wrongful explained by
the judge pro-worker bias. The judge pro-worker bias is indeed positively related to the
probability that dismissals are deemed wrongful. Being assigned to one of the 10% most
pro-worker judges as compared to one of the 10% least pro-worker judges increases the
probability that the dismissal is deemed wrongful by about 4 percentage points, which
corresponds to an increase of 7% in the probability that the dismissal is deemed wrongful.

Table 3 further documents the relation between the qualification of dismissals and judge
pro-worker bias. This table displays the OLS estimator of the regression of the indicator
variable equal to one if the dismissal is deemed wrongful on the judge’s pro-worker bias.
All standard errors are clustered at the judge level. Column (1) includes Appeal court
and year fixed effects. Column (2) adds control variables comprising the worker’s salary,
seniority and whether the dismissal is economic or for personal reasons. The coefficients,
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which are significant at 1% level of confidence, are consistent with those obtained from the
polynomial fit without any control, displayed on Figure 11. Indeed, according to Table 3,
being assigned to one of the 10% most pro-worker judges as compared to one of the 10%
least pro-worker judges increases the probability that the dismissal is deemed wrongful by
4.1 percentage points16 which is very close to the prediction of the polynomial fit.

Contribution of judge biases to the dispersion of qualification of dismissals

Table 4 shows nevertheless that the dispersion of judge fixed effects only explains a
small share of the variance of the qualification of dismissal: column (4) exhibits that
the adjusted R2 only increases from 2.7% to 3.0% when controlling for judge bias, once
case controls, court fixed effects and year fixed effects are accounted for. One may note
that the qualification of the dismissal is barely predicted by fixed effects, case controls
and judge bias, indicating that a large share of the variation of the qualification is left
unexplained when these variables are taken into account.

Analysis of the allocation of cases to judges

If judges are randomly assigned, the addition of control variables in the regression of
the qualification of dismissal reported in Column (1) of Table 3 should not significantly
change the estimates of the coefficient of the judge bias, as case characteristics should be
uncorrelated with judge bias. The assumption that judges are randomly assigned is not
rejected insofar as the coefficients are not significantly different (p-value = 0.25) across
specifications reported in Columns (1) and (2) of Table 3.

To further check that the measure of judge bias is not the consequence of a non-random
allocation of judges to cases, we examine whether judge fixed effects are correlated to the
observable characteristics of cases. Tables 5 and 6 display such tests. The main finding is
that no variable is correlated to judge bias. Table 5, first column displays the regression of
the qualification of the dismissal on several characteristics of the case, with Appeal court
and year fixed effects and standard errors clustered at the judge level. The amount granted
by Prud’hommes and an economic ground for the dismissal are positively correlated with
the probability of the dismissal to be deemed wrongful, while the seniority and the fact
that the worker appealed are negatively correlated. The second column of Table 5 thus
offers a stark contrast to its first column: when regressing the judge fixed effect on the

16The computation is performed as follows: we multiply the point estimate given in column (3) of
Table 3 by the difference of pro-worker bias when going from the 1st to the 9th decile of the pro-worker
bias, respectively equal to -0.46 and 0.36.
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same characteristics, one finds no significant relationship. Furthermore, the F-test rejects
the hypothesis of joint significance of explanatory variables. We replicate the exact same
methodology for the characteristics of the firm. Results reported in Table 6 show that
judge bias is not correlated to characteristics of firms.

4.3.2 Compensation for wrongful dismissal

The amount of the full compensation package granted by the judge provides another
dimension along which to analyze judges’ heterogeneity. In the following, we perform the
same exercise as before by computing the pro-worker bias based on the amount granted by
the judge as a proportion of monthly wage. Figure 12 presents the histogram of the judge
bias among the population of cases. The judge bias displays a significant heterogeneity.

Relation between the judge bias and the amount of compensation for wrongful dismissal

The judge bias computed from the amount of compensation is highly correlated to
the compensation granted by the judges. This correlation is illustrated by Figure 12
which displays the polynomial fit of the compensation explained by judge pro-worker bias.
Being assigned to on of the 10% most pro-worker judges rather than one of the 10% least
pro-worker judges increases the amount by about 2 months of salary.17

Table 7 provides further evidence about the relation between the compensation granted
by the judges and their bias computed with the amount of compensation. Table 7 displays
the OLS estimators of the regression of the compensation for wrongful dismissal in monthly
wages on the judge’s pro-worker bias. Column (1) reports the result with Appeal court
and sector × year fixed effects. Column (2) adds control variables comprising the worker’s
salary, seniority and whether the dismissal is economic or for personal reasons. Controlling
for case characteristics, an increase in the judge pro-worker bias by one point increases
the amount of compensation in months of salary by 0.8 points. This implies that being
assigned to one of the 10% most pro-worker biased judges as compared to one of the
least 10% pro-worker judges increases the compensation amount by 2.1 months of salary.
This prediction is in line with that obtained from the polynomial fit, displayed on Figure 12.

Contribution of judge biases to the dispersion of compensation for wrongful dismissal

Although judge biases are strongly correlated with the amount of compensation, Ta-
ble 4 shows that the dispersion of judge bias only explains a small share of the variance of
compensations for wrongful dismissals: Column (8) exhibits that the adjusted R2 only

17The judge bias of the 1st decile is equal to -1.28 and that of the 9th decile to 1.25.

17



increases from 10.8% to 11.1% when controlling for the judge bias once case controls,
court fixed effects and year fixed effects are accounted for. This suggests that the judge
bias may explain a limited share of the large dispersion of compensation conditional on
several observable characteristics of cases.

Analysis of the allocation of cases to judges

As before, if judges are randomly assigned, the addition of control variables in the
regression of the amount of compensation reported in Column (1) of Table 7 should not
significantly change the estimates of the coefficient of the judge bias, as cases characteristics
should be uncorrelated with judge bias. The assumption that judges are randomly assigned
is not rejected insofar as the coefficients are not significantly different (p-value = 0.71)
across specifications reported in Columns (1) and (2) of Table 7.

Furthermore, judge biases are not correlated with the observable characteristics of
cases or firms. Tables 8 and 9 display respectively the correlation between pro-worker
biases and the characteristics of the case, and the correlations between pro-worker biases
and the characteristics of the firm. The amount received at Prud’hommes, the seniority
of the worker, and the worker’s salary are all positively correlated to the compensation
granted at Appeal court. The second column of Table 8 therefore offers a sharp contrast
to its first column: when regressing the pro-worker bias on the same characteristics, one
finds no significant relationship. The second column of Table 9 displays the regression of
the judge’s severity on the firm’s characteristics the year before the judgment, ie in t-1.
No significant relationship is found.

Judges who often qualify the dismissal as wrongful are also those who, conditional
on granting a positive compensation, grant the highest compensations. In other words,
our two indices of pro-worker bias are highly and positively correlated. We display this
correlation in Figure 13, which presents the scatter plot of the pro-worker bias with respect
to the compensation granted, conditional on being positive,18 and the pro-worker bias
with respect to the dismissal qualification.

All in all, our analysis of Appeal court rulings points to the existence of significant
biases on the part of judges which influence the probability that dismissals are deemed
wrongful and the amount of compensation for wrongful dismissal. However, the dispersion
of judge biases only explains a very limited share of the dispersion of the qualification of
dismissal and of the amount of compensation, conditional on observable characteristics of

18Note that Figure 12 reports judges biases for the average compensation unconditional on being
positive.
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the cases, suggesting that judges interpret in a similar way many specific features of cases
which are not observable without very detailed information about each specific case. The
next section analyzes the consequence of judge bias on firms performance.

5 The effects of judge bias on firm performance and

firm survival

This section is devoted to the analysis of the impact of judge bias on firms’ performance.
We start by presenting some descriptive statistics on firms, then proceed to an event study,
before presenting the main empirical strategy and results. Finally, we exploit the results
to explore the consequences of reducing the dispersion of judge bias before proceeding to
several robustness checks.

5.1 Descriptive statistics

The analysis is focused on firms with fewer than 100 employees the year before the Appeal
judgment, because the decisions of judges should in principle have stronger effects on
small firms. We consider for-profit firms in the private sector, excluding the agricultural
sector. Among the sample of appeal court rulings going from 2006 to 2016, we select firms
going to court no later than 2012 in order to analyze outcome variables up to three years
after the judgment.19 We drop firms going to court several times during the period in
order to drop collective dismissals. The description of sample restrictions is presented in
Table 10.

Table 11 provides descriptive statistics at the firm-level level, i.e. the level of analysis
for our sample. Because we restrict the analysis to firms under 100 employees, the average
number of workers is about 20 employees. The firms are relatively young as 24% are
less than 10 years old. 52% of firms end up paying a positive compensation for wrongful
dismissal. For firms paying a positive compensation amount, which corresponds on average
to 10.7% of firms’ annual payroll, the median is equal to 4.1%. Their probability to survive
one year after the judgment is equal to 99% and to 92% three years after.

For small firms below 10 employees (see Table 12), for which the judge bias will be
shown to have more impact, the probability of wrongful dismissal is identical but the
share of compensation for wrongful dismissal (conditional on being positive) in the annual
payroll is much higher; it is equal to about 20.9% for small firms versus 10.7% for the
others. Small firms are younger than larger firms as 35% have less than 10 years versus

19Matched employer-employee data are available from 2002 to 2015.
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25%, and their survival probability is significantly smaller: 89% three years after the
judgment versus 92%.

5.2 Empirical strategy

Before presenting our main specification, we start by performing an event study to provide
some insights on the impact of judge bias. The event study compares employment growth
relative to the year preceding the judgment between two groups of firms: (i) firms which
face a pro-worker judge – whose bias is above the median – and (ii) firms which face
a pro-employer judge – whose bias is below the median. This approach amounts to
implementing a dynamic difference-in-differences design to estimate how judge bias affects
employment growth. This approach has two advantages. First, outcome variables can
be observed for both groups before the judgment so that the common trend assumption,
which should be satisfied if the type of judge does not induce selection of cases going to
courts, can be evaluated directly. Second, the research design allows for a transparent
graphical assessment of the impact of judge bias over time. Formally, our estimate of the
effect of judge bias is based on the following model

Yik = α + γc(i) +
3∑

k=−3

βk × 1k +
3∑

k=−3

βproworkerk × 1k × proworkeri + εik (5)

where Yik stands for the outcome of firm i in year k relative to the judgment year,
proworkeri is an indicator variable equal to one for firms judged by pro-worker judges
and to zero otherwise, 1k is a year k fixed effect. The model includes social chamber
fixed effects γc(i) insofar as we want to compare the outcomes of firms judged in the
same social chamber by different judges. εik is an error term. The baseline specification
does not include other covariates to check whether the common trend holds even without
conditioning on any observable variable, meaning that no selection due to the type of
judge occurs before the judgment.

Our main empirical specification explores in more detail the impact of judge pro-worker
bias on an array of firm performance indicators: firm survival, growth of total, temporary
and permanent employment and sales. We also analyze non-linearities of these effects,
which are important to study the role of the dispersion in bias. The benchmark equation
is the following:

Yij(i)t = α0 + α1biasij(i) + α2Xit + ηij(i)t (6)

where Yij(i)t is the outcome of interest for firm i assigned to judge j, t ≥ 0 years after
the judgment; biasij(i)=(ε̄ij − ε̄)/σε denotes judge j’s normalized bias (i.e., the difference
between the judge’s bias and the average judge bias (ε̄) scaled in standard deviation (σε)
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units of the judge bias distribution), where ε̄ij , defined in Section 4.2, is the leave-one-out
mean of the residuals for all the other cases than i judged by the corresponding judge
j. Xit includes Appeal court fixed effects, year fixed effects, the leave-one-out average
industry annual growth rate of sales and an indicator variable for economic dismissals.
We also proceed to estimations including quadratic terms on the judge bias to account for
potential non-linearities.

We estimate Equation (6) with OLS and the condition for α1 to be unbiased is that the
error term ηij(i)t is mean-independent of biasij(i). A necessary condition for unbiasedness
is random assignment of judges to case. Although this condition is fundamentally non-
testable, the random nature of the assignment of judges to cases has been documented
above in Sections 2.3 and 4 and confirmed by the results of the event study in Section
5.3.1 below.

Equation (6) allows us to analyze the average impact of the bias of judges on all firms.
However, it is probable that firms which do not perform well are more impacted by the
high compensations set by pro-worker judges. To deal with this issue, we examine how
the impact of judge bias depends on the return on assets. More precisely, we estimate the
following equation:

Yij(i)t = β0 + β1biasij(i) × lowi + β2biasij(i) × highi + β3Xit + νij(i)t (7)

where lowi is an indicator variable equal to 1 if the financial variable (i.e. the return on
assets or the leverage) of firm i the year before the judgment is below the median; highi
is an indicator variable equal to 1 if the financial variable of firm i the year before the
judgment is above the median. Xit includes the same variables as before plus the indicator
variables lowi and highi.

Our dependent variables include indicator variables equal to one for firms which survive
within t = 1, 2, 3 years after the judgment and symmetric growth rates for a set of variables,
namely total, temporary and permanent employment and sales.20 All standard errors are
clustered at the judge level, following Abadie et al. (2017) who state that the standard
errors clustering must be decided according to the level at which either the sampling or
the randomization is performed. In our case, the randomization occurs primarily at the
judge-level.

20For instance, the symmetric growth rate between t-1 and t+1 is computed as follows:

∆Yij(i)t = 2
Yij(i)t+1 − Yij(i)t−1

Yij(i)t+1 + Yij(i)t−1
(8)

This growth rate measure has become standard in analysis of establishment and firm dynamics because it
shares some useful properties of log differences and accommodates entry and exit. It is a second-order
approximation of the log difference for growth rates around 0 and it ensures that growth rates range from
-2 to 2, thus preventing outliers from complicating the analysis. See Tor and Davis et al. (1996)
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Moreover, in order to quantify the impact of the shock on the amount of compensation
induced by judge bias on the performance of firms, we regress the performance indicators
on the share of the compensation for wrongful dismissal in the firm payroll, which is
instrumented by the judge’s bias. This allows us to evaluate the impact of unexpected
shocks on the amount of compensation, expressed in payroll share, on firms.

5.3 Results

5.3.1 Event study

The event study shows that significant differences in employment growth emerge between
firms judged by pro-worker judges and firms firms judged by pro-employer judges after
judgement, in spite of common pre-judgement trends. Figure 14 displays the average
employment growth difference between these two groups of firm before and after the
judgment estimated according to equation (5). The left top panel reports the results for
all firms under 100 employees and the right top panel for firms under 100 employees whose
return on assets is below the median. The bottom panel provides similar graphs for firms
under 10 employees.

It is clear that there is no significant employment growth difference between the
two groups of firm in the three years preceding the judgment date. This confirms the
assumption that the type of judge does not influence the selection of firms which go to
the judgment, even on observable characteristics, since equation (5) is estimated without
other control variables than the social chamber fixed effects.

The year after the judgment, a difference in employment growth begins to arise at
the expense of firms facing pro-worker judges. This difference is small and short-lived
in firms below 100 employees. But the difference is larger and more long-lasting in less
profitable and smaller firms with less than 10 employees. Three years after the judgment,
the difference amounts to 7 percentage points in small, low-profitable firms. Figure 15
shows that these results hold when employment growth differences are conditional on a
set of covariates including year fixed effects, firm age, an indicator variable for economic
dismissals, the return on assets in the previous year and the leave-one-out average industry
annual growth rate of sales. The absence of statistical significant difference between the
results obtained with and without control variable confirms once again the absence of
selection of cases going to judgement according to the type of judge.

Figures 16 and 17 show that the employment impact of judge bias stems from permanent
jobs only: the growth rate of temporary employment (i.e. fixed term contracts) does not
diverge between the two groups of firms after the judgment date while that of permanent
jobs diverges significantly.

22



5.3.2 Reduced form estimates

We start by presenting the results of the effects of judge bias on all firms below 100
employees before looking at the ct of judge bias according to firm size, and especially
small firms, below 10 employees.

All firms below 100 employees

Tables 13, 14 and 15 present the results of the estimation of equations (6) and (7)
for the firm’s outcomes respectively 1 year, 2 years and 3 years after the Appeal court
judgment.

Table 13 shows that the pro-worker bias of judges has a significant negative impact on
employment growth the first year after the judgment only for firms with low return on
assets. The drop is economically significant: a one standard deviation increase in judge
pro-worker bias reduces employment growth by 1.8 percentage points. Low-performing
firms also face a drop in their sales growth of the same order of magnitude. By contrast,
the overall employment and the sales of high-performing firms defined as those whose
returns on assets are above the median, are not significantly impacted by judge bias.

The effects of judge bias become stronger two and three years after the judgment,
as shown by Tables 14 and 15. They are statistically significant for firms taken as a
whole, but they are still entirely driven by low-performing firms which are more seriously
affected by judge pro-worker bias as time elapses. The impact on low-performing firms
employment is approximately doubled in the third year, compared with the first year. It
is striking that the employment effects are induced by the drop in permanent jobs only.
Temporary jobs are not affected. All in all, pro-worker bias on the part of judges reduces
employment growth and raises its instability.

The effect of judge bias on sales is also more important 3 years after the judgment
than one year after. The difference is significant: a one standard deviation increase in
judge pro-worker bias reduces sales growth by 1.4 percentage points one year after the
judgement and by 4.7 percentage points 3 years after.

Two years after the judgement, judge pro-worker bias has a significant impact on the
survival rate of low-performing firms, which drops by 0.7 percentage points two years after
the judgment and by 1 percentage point three years after, when the pro-worker judge
bias increases by one standard deviation. High-performing firms are not impacted at any
time horizon. Interestingly, the employment effects of the judge pro-worker bias within a
3-year horizon are not solely driven by firm death. Table 16 shows that judge pro-worker
bias has a significant negative impact on the growth rate of employment and sales of
low-performing firms which survive 3 years after the judgment. Though the selection of
this sub-sample is endogenous, it is still informative about the channels at play.

23



The effects of judge bias on the number of entries and exits are non significant for
either type of firms at any time horizon, as shown by Tables 13, 14 and 15 . The absence
of significant impact is the consequence of two counteracting effects. First, the pro-worker
bias reduces employment, which negatively affects the entries and exits. Second, the
pro-worker bias decreases the share of permanent jobs, which increases the job turnover.
The composition of these two effects induces no significant change in entries and exits in
our empirical context.

Small firms, below 10 employees, versus medium-sized firms

One might expect small firms to be more impacted than medium-sized firms by judge
bias because the dismissal compensations represent a larger share of the payroll of small
firms, and small firms might also be more financially fragile. This is what clearly arises
in our context. Table 17 shows that firms with less than 10 employees are very strongly
impacted if their return on assets is below the median at the judgment date. For those
firms, a one standard deviation increase in the judge’s pro-worker bias reduces employment
growth and sales by 6 percentage points at the 3-year horizon. This impact is about
twice as high as for all low-performing firms below 100 employees. All employment effects
are driven by the drop in permanent jobs, while the number of temporary jobs does not
change significantly. High-performing firms, even if they have less than 10 employees, are
not significantly impacted by judge bias.

Table 18 shows that the employment of firms with 10 employees and more is not
significantly impacted by judge bias even if they are low-performing firms. The judge bias
has an impact of their sales if their return of assets is below the median, which is about
half of that estimated for small low-performing firms.

The survival of small low-performing firms is also strongly impacted by the judge
pro-worker bias. A one standard deviation increase in the judge pro-worker bias reduces
the survival rate by 3 percentage points for low-performing firms at the 3-year horizon.
The survival rate of high performing firms, even if they have fewer than 10 employees, is
not significantly impacted by judge bias.

Overall, it is clear that judge bias has a significant impact on small and low-performing
firms, below 10 employees. The judge bias has no significant effects on the employment of
larger firms. Firms with return on assets above the median are not significantly impacted
by judge bias.

5.3.3 IV estimates

In order to quantify the effect of the amount of compensation for wrongful dismissal
induced by judge bias on the outcomes of firms, it is useful to regress the firm outcomes
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on the amount of compensation for wrongful dismissal, expressed in share of the payroll
in the year preceding the judgment, and to instrument this variable by the judge bias.
The exclusion restriction is satisfied if the allocation of cases to judges is random, which
is arguably the case in our context, as shown above. Table 19, which reports the results
of the first stage of IV estimations, confirms that judge bias is strongly correlated with
the share of compensation for wrongful dismissal in the firm payroll.

Table 20, which reports the results of the second stage of the IV estimations for all
firms below 100 employees, shows that an increase in the amount of compensation of one
percent of the payroll reduces employment by 3 percentage points at the 3-year horizon
for low-performing firms. The effect arises from the growth of permanent employment,
while temporary employment is not significantly impacted. Sales growth is significantly
impacted: an increase in the amount of compensation of one percent of the payroll reduces
sales growth by 4 percentage points at the 3-year horizon for low-performing firms. High
performing firms are not impacted by the shock on their revenue induced by judge bias.

Table 21 shows that the point estimates reported for all firms below 100 employees
are the same as for firms below 10 employees. This means that a transitory shock on the
revenue of firms equal to one percent of their payroll has a similar impact on small and
medium-sized firms. Hence, the stronger employment impact of pro-worker judges on
small low-performing firms found in the reduced form estimates is merely the consequence
of the fact that dismissal compensations represent a higher share of the payroll for small
firms, below 10 employees, than for medium-sized firms, as shown by Tables 11 and 12.
This indicates that the same amount of compensation for wrongful dismissal has effects
which are very different according to the financial capacity of firms, which is determined
by their size and their return on assets. Smaller low-performing firms are likely to be
more impacted because of a weaker financial capacity.

In these circumstances, it can be argued that pro-worker bias on the part of judges has
cleansing effects by destroying the structurally weakest firms. It cannot be excluded that
judge bias improves overall efficiency, since the jobs destroyed by pro-worker judges in
low-performing firms might be reallocated at low cost to high performing firms. Addressing
this question is left for future research.

5.4 The effects of the dispersion of judges bias

So far, we have uncovered the effects of judge bias on firms survival, employment and
sales. A natural question that arises is what would the outcomes be if the dispersion of
biases was reduced. Because our measure of bias is relative, setting all our bias estimates
to the mean produces the effect of eliminating any judge-related dispersion in dismissal
compensation.
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It is well known that less uncertainty about judge decisions reduces the litigation
rate but also affects the composition of the set of cases going to litigation (Priest and
Klein (1984b), Lee and Klerman (2016)). Accordingly, the set of cases going to Appeal
courts would change if the dispersion of judge bias changed. However, to the extent that
the dispersion of judge bias explains less than 0.3% of the variance of compensations
conditional on observable worker and firm characteristics, as shown by Table 4, it is likely
that the dispersion of judge bias has negligible effects on the selection of cases that go to
Appeal court. Indeed, an approximation of the relative risk premium associated with the
dispersion of judge bias implies that an upper bound of the cost of the risk associated
with the dispersion of judge bias is at most equal to 1.5% of the average compensation,
depending on the degree of risk aversion (see Appendix A.4). This means that the actual
dispersion of judge bias has a very limited impact on the selection of cases going to the
Appeal courts. Hence, in what follows, we evaluate the consequences of reductions in the
dispersion of judge bias for our sample of firms which go to Appeal courts assuming that
such changes in the dispersion of judge bias have negligible selection effects.

First, changes in the mean-preserving spread of judges biases can have an effect
on the mean outcome of firms only if the bias of judges has non-linear effects on firm
outcomes. Therefore, we start by analyzing whether judge bias has non-linear effects on
firm outcomes. It is indeed plausible that judges with a strong pro-worker bias who set
very high compensation for wrongful dismissal have a disproportionately strong impact,
especially on small, low-performing firms.

Focusing on small firms below 10 employees whose return on assets is below the median,
which are the only firms for which judge bias has a significant impact, we do not find
any evidence of non-linearity, either from visual inspection of augmented component-plus-
residual plots (see Figure 18), or from the introduction of quadratic terms in the reduced
form equations (see Table 22). This means that mean-preserving spread changes in judge
bias have no significant impact on the average outcome of firms potentially impacted by
judge bias.

Then, we perform counterfactual exercises in which we cap judge bias at several
percentiles of the distribution of bias. To do so, we first estimate, based on 1,000 bootstrap
replications, the predicted outcomes for small low-performing firms from equation (6)
on samples featuring counterfactual distributions of bias to obtain the counterfactual
distributions of predicted outcomes. We perform similar bootstrap replications based on
our initial sample of small low-performing firms, to obtain a distribution of predicted
outcomes with the actual distribution of judge bias. Figure 19 reports the mean and the
95% confidence interval of the differences between those predicted outcomes three years
after the judgments for different counterfactual distributions. It is clear that reducing the
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dispersion of judge bias has very small and non-significant effects on firm survival and
employment growth. Confirming our observation of absence of non-linear effects of judge
bias on firm outcomes, Figure 19 shows that setting all biases to the mean yields points
estimates for the difference between the actual and the counterfactual outcomes very close
to zero, and these point estimates are not significantly different from zero at any standard
confidence level. Capping the bias of pro-worker judges to the mean has a larger impact,
but one which remains small and far from statistically significant. The same result arises
when the bias of pro-employer judges is capped to zero.

These findings clearly indicate that capping or reducing the dispersion of judge bias
has very limited effects on firms, even for small, low-performing firms which are the most
impacted by judge bias. An open question that our study cannot address, however, is the
possibility that all judges are biased, meaning that setting all biases to the mean does not
ensure the absence of bias in the interpretation of labor laws (see: Ash et al. (2018)).

5.5 Robustness checks

We conduct a range of checks both to test the robustness of the previous results and to
investigate the mechanisms at play.

First, we conduct placebo tests for the significance of the effect of judge bias on firm
performance before the judgment. By definition, we cannot proceed to placebo tests
on firm survival before the judgment since all firms which are judged by Appeal courts
necessarily survive until the date of the judgment. In this context, placebo tests are
similar to regressions run on surviving firms, presented in Table 16, which reports negative
significant correlations between the pro-worker bias of judges and employment and sales
growth. Table 23 documents the absence of significant correlation between judge bias and
the growth rates of these variables between two years and one year before the judgment
for all firms and for small firms, whether their are high-performing or low performing
firms. This means that the effects of judge bias on firm performance after the judgment
year which are identified by our empirical strategy are not driven by selection of firms
due to the anticipation of judge bias.

Second, the effects of judge bias we find are significant only for low-performance firms
– defined as firms with a below-median return on assets. One may wonder whether this
result would hold for different measures of the financial situation of firms. In order to
investigate this issue, Table 24 contrasts the effect of judge bias according to the level of
return on equity. By definition, the return on equity of high performing firms is above
the median and that of low-performing firms is below the median. The bias of judges
has a significant impact on low-performing firms only and the effect is larger for small
low-performing firms, which confirms the results obtained when the performance of firms
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is measured with the return on assets.
Third, we examine the results for the sub-sample of cases which go to large Appeal

courts that contain several social chambers, because, as explained above in Section 5.2,
it is even more likely that the parties do not know until the day of the judgment the
identity of the president who will be in charge of the case when there are several social
chambers. These large Appeal courts, located at Aix-en-Provence, Paris and Versailles,
have 4, 14 and 7 social chambers respectively. Although the number of observations is
about half that of the whole sample, Table 25 shows that we get similar results when the
sample is restricted to large Appeal courts. This confirms that our results are not driven
by non-random allocation of cases to judges.

6 Conclusion

Using new data on Appeal court rulings about dismissals merged with firm data, this
paper provides the first systematic analysis of the impact of judge bias on dismissal
compensation and on firm performance. It shows that the subjective opinion of judges
influences the amount of dismissal compensation: some judges appear more likely to rule
in favor of the employer and others in favor of dismissed workers. We find that the bias of
judges has a significant impact on employment, sales and survival of small firms, especially
very small and low performing ones, hence partly confirming the intuition of policy
makers who implemented reforms to limit the power of judges in the setting of dismissal
compensation. However, the actual dispersion of judge bias, before the implementation of
such reforms in France, does not seem to have had significant detrimental effects on the
average performance of firms going to Appeal courts, even the weakest and the smallest
ones. The main reason is that the risk premium associated with the dispersion of judge
bias is very small compared with the expected amount of dismissal compensation.

It is worth stressing that our paper does not fully address the question of the impact
of judge bias on overall employment. It may be that the publicity around several extreme
cases, with very high compensations, has a strong impact on the beliefs of employers and
thus on hiring behavior and firm entry. It is also possible that cases judged by Appeal
courts are not representative of all cases. From this perspective, our paper must be
completed by future research to better understand the effects of judge bias on employment,
firm creation and destruction.
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Table 1 – From the initial to the final number of observations used to estimate judge bias

# of cases # of judges

Initial severance pay data 145,638 -
(a) Cases for firms not already liquidated 123,304 -
(b) Cases with non-missing president name and surname 117,989 1,039
(c) Cases with non-missing total amount of compensation 84,151 878
(d) Cases with non-missing monthly wage 61,728 731
(e) Elimination of cases in the public sector 39,843 652
(f) Cases restricted to judges with at least 50 cases 37,149 159

Note: This table presents the selection process to obtain the sample of cases on which we estimate the judge
fixed effects. Starting from the initial set of all Appeal court rulings from 2006 to 2016 published by the
Ministry of Justice which covers all Appeal court rulings, we apply successive filters in order to retain (a)
only those firms that we know were not liquidated at the judgment date, otherwise dismissal compensations
of liquidated firms would be incurred by a public insurance agency (Agence de Garantie des salaires). Then,
we eliminate cases for which we do not have the relevant information about either (b) the president’s name
and surname, (c) the total amount of compensation, or (d) the monthly wage was either. Finally, we eliminate
cases (e) in which the employer belongs to the public sector, and (f) those decided by judges who covered less
than 50 cases, our threshold for the calculation of judge fixed-effects. We eventually end up with 37,149 cases
and 159 judges. Source: Authors’ Appeal court rulings database.
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Table 2 – Summary main variables of case-level data

mean min med max sd count

Total amount in euro 29,794 0 15,724 963,154 50,056 37,149

Total amount in months of salary 10.47 0 7.84 76.26 11.12 37,149

Positive total amount 0.89 0 1 1 0.31 37,149

Amount for unfair dismissal in euro 12,288 0 3,000 530,000 24,193 37,149

Amount for unfair dismissal in months of salary 4.32 0 1.55 73,17 6.10 37,149

Positive amount for unfair dismissal 0.58 0 1 1 0.49 37,149

Other amount in euro 17,506 0 6,197 963,154 38,024 37,149

Prud’hommes amount 7,326 0 0 277,200 17,649 27,725

Amount demanded by worker 44,458 1 25,000 985,536 64,439 19,371

Higher amount than prud’hommes 0.38 0 0 1 0.49 27,725

Lower amount than prud’hommes 0.17 0 0 1 0.37 27,725

Same amount as prud’hommes 0.45 0 0 1 0.50 27,725

Worker who appealed 0.61 0 1 1 0.49 33,767

Economic dismissal 0.16 0 0 1 0.36 37,149

Worker’s seniority in months 81,66 0 50.00 538 87.20 27,147

Note: This table displays the mean, the minimum, the median, the maximum, the standard deviation and the
number of observations for several important characteristics of the cases used to estimate judge bias. Source:
Appeal court rulings database.

Table 3 – Correlation between judge bias and dismissal qualification

Dismissal qualification Dismissal qualification
(1) (2)

Judge pro-worker bias 0.508 *** 0.493***
wrt dismissal qualification (0.141) (0.133)

Year FE Yes Yes
Court FE Yes Yes

Case controls No Yes

F test 12.91 13.82
# obs 9,138 9,138

Note: Each column corresponds to one regression. The dependent variable is an indicator variable equal to one if the
dismissal is deemed wrongful. Court and year fixed effects are included. Control variables included in column (2): indicator
variable for economic dismissal, worker’s wage, worker’s seniority. The top fifth percentiles of judge pro-worker bias are
trimmed to account for the non-linearity of the relation between the pro-worker bias and the qualification of dismissal
displayed on Figure 11. Standard errors, displayed in parentheses, are clustered at the judge level. *, **, and *** denote
statistical significance at 10, 5 and 1%. Source: Appeal court rulings database.
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Table 4 – Share of the variance of compensations explained by judge bias

(1) (2) (3) (4) (5) (6) (7) (8)
Qualification of dismissal Compensation in months of salary

Pro-worker bias No Yes No Yes No Yes No Yes
Case controls No No Yes Yes No No Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Court FE Yes Yes Yes Yes Yes Yes Yes Yes

R2 0.020 0.024 0.033 0.037 0.019 0.022 0.114 0.117
Adj. R2 0.014 0.018 0.027 0.030 0.013 0.016 0.108 0.111
# obs 9,138 9,138 9,138 9,138 9,138 9,138 9,138 9,138

Note: Columns (1) to (4) report the R2 and adjusted R2 of the regression of the qualification of the dismissal - i.e dummy
indicating whether the dismissal was deemed wrongful - on judge bias and case controls (dummy indicating whether the
firm has more than 11 workers at the time of the dismissal, Prud’hommes compensation, salary, seniority), while columns
(5) to (8) display similar results for the regression of the compensation in monthly salaries. Columns (1) and (5) display
the R2 when adding fixed effects only, columns (2) and (6) when controlling for the judge’s pro-worker bias, columns (3)
and (7) when controlling case characteristics, column (4) and (8) when controlling for both case characteristics and judge
bias. Court and year fixed effects are included in all regressions. Source: Appeal court rulings database.
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Table 5 – Randomization test for judge bias with respect to dismissal qualification:
case-level characteristics

Dismissal deemed Judge’s pro-worker bias
wrongful

Amount at Prud’hommes (in months) 4.594*** 0.0983
(0.537) (0.106)

Legislation threshold applied -0.022*** 0.001
(0.007) (0.001)

Seniority -0.0125 0.0006
(0.039) (0.005)

Number of employees -0.001* -0.000
(0.001) (0.000)

Worker’s salary 0.000 0.000*
(0.000) (0.000)

Economic dismissal 0.061*** -0.001
(0.008) (0.001)

Time between dismissal and Appeal Court -0.005 -0.002
(0.007) (0.001)

Joint F-Test 0.0000 0.2291
Observations 9,128 9,128

Note: The dependent variable is an indicator variable equal to one if the dismissal is deemed wrongful in
Column (1) and the judge pro-worker bias in Column (2). Court and year fixed effects are included. Standard
errors are clustered at the judge level. Standard errors are displayed in parentheses. *, **, and *** denote
statistical significance at 10, 5 and 1%. Source: Appeal court rulings database. All independent variables
except for ’Legislation threshold applies’ and ’Economic dismissal’ are transformed to increase clarity of the
table: variables are divided by 1000.
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Table 6 – Randomization test for judge bias with respect to dismissal qualification:
firm-level characteristics

Dismissal deemed Judge’s pro-worker bias

wrongful

Number of workers in t-1 -0.153 0.032

(0.131) (0.023)

Sales in t-1 0.000 -0.000

(0.001) (0.000)

Total wages in t-1 -0.009 -0.002

(0.010) (0.002)

Value added in t-1 0.007 0.001

(0.007) (0.001)

Net income in t-1 0.011 0.000

(0.012) (0.002)

Debt in t-1 0.002 0.000

(0.003) (0.000)

Cash in t-1 -0.014** -0.000

(0.007) (0.001)

Joint F-Test 0.2313 0.8956

Observations 4,847 4,847
Note: The dependent variable is an indicator variable equal to one if the dismissal is deemed wrongful in
Column (1) and judge pro-worker bias in Column (2). Court and year fixed effects are included. Standard
errors clustered at the judge level. Standard errors are displayed in parentheses. *, **, and *** denote
statistical significance at 10, 5 and 1%. Source: Appeal court rulings database. All independent variables are
transformed to increase clarity of the table: variables are divided by 1000.
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Table 7 – Correlation between judge bias and compensation for wrongful dismissal

Compensation Compensation
(1) (2)

Judge pro-worker bias 0.852 *** 0.838***
wrt compensation (0.241) (0.241)

Year FE Yes Yes
Court FE Yes Yes

Case controls No Yes

F test 12.47 12.10
# obs 9,138 9,138

Note: Each cell corresponds to one regression where the dependent variable is the total compensation for
wrongful dismissal. Control variables included in column (2): indicator variable for economic dismissal,wage,
seniority. The bottom and top fifth percentiles of judge bias are trimmed to account for the non-linearity of
the relation between judge bias and the qualification of dismissal displayed on Figure 12. Court and year x
sector fixed effects are used. Standard errors, clustered at the judge level, are in parenthesis.*, **, and ***
denote statistical significance at 10, 5 and 1%. Source: Appeal court rulings database.
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Table 8 – Randomization test for judge bias on total compensation for wrongful dismissal:
case-level characteristics

Compensation Judge pro-worker bias
in monthly wages in monthly wages

Amount at Prud’hommes (in months) 0.536*** -0.002
(0.083) (0.002)

Legislation threshold applied 0.116 0.013
(0.386) (0.027)

Seniority 0.019*** 0.000
(0.004) (0.000)

Number of employees -0.000 -0.000
(0.000) (0.000)

Worker’s salary -0.000*** 0.000
(0.000) (0.000)

Economic dismissal 1.116 -0.025
(0.683) (0.030)

Time between dismissal and Appeal Court 0.001 -0.000
(0.001) (0.000)

Joint F-Test 0.0000 0.7458
Observations 4,948 4,948

Note: The dependent variable in the first column is the total compensation for wrongful dismissal. The
dependent variable in the second column is the judge pro-worker bias computed as defined in section 4.2.
Standard errors are displayed in parentheses. Covariates include Appeal court fixed effects, year fixed effects,
the leave-one-out average industry annual growth rate of sales, and an indicator variable for economic dismissals.
Standard errors clustered at the judge level. Standard errors, clustered at the judge level, are in parenthesis.*,
**, and *** denote statistical significance at 10, 5 and 1%. Source: Appeal court rulings database.
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Table 9 – Randomization test for judge bias on compensation for wrongful dismissal:
firm-level characteristics

Compensation Judge pro-worker bias

in monthly wages in monthly wages

Number of workers in t-1 11.120* 0.778

(5.763) (0.537)

Sales in t-1 0.042 -0.003*

(0.033) (0.002)

Total wages in t-1 -0.586 -0.066

(0.497) (0.043)

Value added in t-1 0.315 0.024

(0.277) (0.022)

Net income in t-1 -0.713 0.009

(0.676) (0.043)

Debt in t-1 0.055 0.011

(0.140) (0.010)

Cash in t-1 -0.161 -0.017

(0.201) (0.013)

Joint F-Test 0.1312 0.2241

Observations 4,847 4,847
Note: The dependent variable in the first column is an indicator variable equal to one if the dismissal is deemed
wrongful. The dependent variable in the second column is the judge pro-worker bias computed as defined in
section 4.2. Standard errors are displayed in parentheses. Covariates include Appeal court fixed effects, year
fixed effects, the leave-one-out average industry annual growth rate of sales, and an indicator variable for
economic dismissals. All independent variables are transformed to increase clarity of the table: variables are
divided by 1000. Standard errors are clustered at the judge level.*, **, and *** denote statistical significance
at 10, 5 and 1%. Source: DADS, FICUS-FARE, SIREN, Appeal court rulings database.
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Table 10 – From the initial to the final number of observations used to estimate the effect
of judge bias on firm performance

# of obs. # of firms # of judges

Sample with judge fixed effects 82,320 13,995 159
Non-missing employment, wages, Roa 40,280 5,035 129
Firms with less than 100 employees 35,888 4,486 129

Note: The final sample is restricted to private firms, with less than 100 employees the year preceding the judgement,
which go to Appeal courts for individual dismissals. Employment: headcounts on 31 December before the judgment year;
Wages: gross monthly wage; Roa: Return on assets. In this table, the number of observations corresponds to the number
of cases × the number of years in the sample. Source: DADS, FICUS-FARE, SIREN, Appeal court rulings database.

Table 11 – Summary of main variables at firm-level - all firms (< 100 employees)

mean min med max sd count

Nb of workers 20.08 1.00 12 99.00 20.55 4486

Sales (in K euros) 4788.61 0.00 1929.91 64,175 .00 7,429.92 4428

Share of firms in manufacturing 0.17 0.00 0.00 1.00 0.38 4486

Share of firms in construction 0.11 0.00 0.00 1.00 0.31 4486

Share of firms in services 0.34 0.00 0.00 1.00 0.48 4486

Share of firms < 10 years 0.24 0.00 0.00 1.00 0.43 4486

Survival at t+1 0.99 0.00 1.00 1.00 0.11 4486

Survival at t+2 0.96 0.00 1.00 1.00 0.18 4486

Survival at t+3 0.92 0.00 1.00 1.00 0.26 4486

Wrongful dismissal 0.52 0.00 0.00 1.00 0.50 4486

Amount in month of salary (when >0) 11.07 0.01 8.08 197.47 12.25 3009

Amount in payroll (%) (when >0) 10.75 0.00 4.06 149.75 18.56 3805

Judge pro-worker bias -0.03 -2.76 -0.01 2.22 0.76 4486
Note: “Nb of workers” corresponds to headcounts on 31 December before the judgment year. “Amount” stands
for the total amount of compensation. “Wrongful dismissal” is a dummy variable equal to one if the dismissal
is deemed wrongful. Source: DADS, FICUS-FARE, SIREN, Appeal court rulings database.
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Table 12 – Summary of main variables at firm-level - small firms (< 10 employees)

mean min med max sd count

Nb of workers 4.98 1.00 5.00 9.00 2.38 1902

Sales (in K euros) 1231.21 0.00 684.44 24,990.51 2136.92 1902

Share of firms in manufacturing 0.11 0.00 0.00 1.00 0.32 1902

Share of firms in construction 0.10 0.00 0.00 1.00 0.30 1902

Share of firms in services 0.35 0.00 0.00 1.00 0.48 1902

Share of firms < 10 years 0.35 0.00 0.00 1.00 0.48 1902

Survival at t+1 0.98 0.00 1.00 1.00 0.15 1902

Survival at t+2 0.95 0.00 1.00 1.00 0.22 1902

Survival at t+3 0.89 0.00 1.00 1.00 0.31 1902

Wrongful dismissal 0.52 0.00 0.00 1.00 0.50 1902

Amount in month of salary (when >0) 9.75 0.01 7.23 78.15 9.78 1299

Amount in annual payroll (%) (when >0) 19.28 0.00 10.56 381.36 24.56 1620

Judge pro-worker bias 0.00 -2.76 -0.01 2.22 0.77 1902
Note: “Nb of workers” corresponds to headcounts on 31 December before the judgment year. “Amount” stands
for the total amount of compensation. “Wrongful dismissal” is a dummy variable equal to one if the dismissal
is deemed wrongful. Source: DADS, FICUS-FARE, SIREN, Appeal court rulings database.
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Table 13 – Judge pro-worker bias and firm performance 1 year after the judgment

(1) (2) (3) (4) (5) (6)

Survival

within

[t, t+ 1]

growth rate between t− 1 and t+ 1

Employment
Employment

cdi

Employment

cdd

Share

cdi
Sales

Pro-worker bias -0.001 -0.009 -0.003 0.001 -0.000 -0.007

(0.001) (0.006) (0.007) (0.017) (0.002) (0.005)

R2 0.025 0.037 0.037 0.030 0.032 0.036

Pro-worker bias 0.000 -0.018** -0.005 -0.019 0.005 -0.014*

× Low Roa (0.002) (0.008) (0.010) (0.022) (0.003) (0.007)

Pro-worker bias -0.003 -0.000 -0.001 0.020 -0.005 -0.001

× High Roa (0.002) (0.010) (0.010) (0.028) (0.004) (0.007)

R2 0.025 0.037 0.037 0.030 0.033 0.037

# obs 4486.000 4486.000 4112.000 4112.000 4112.000 4418.000
Note: This table displays the estimates of the correlation between the judge bias and indicators of firm performance. t
denotes the year of the Appeal court judgment. The dependent variable is in Column (1) an indicator variable equal to
one if the firm survives 1 year after the judgment; in Column (2) the symmetric growth rate between t − 1 and t + 1 of
firm’s employment; in Column (3) the symmetric growth rate between t− 1 and t+1 of firm’s employment in permanent
contract - cdi ; in Column (4) the symmetric growth rate between t − 1 and t + 1 of firm’s employment in temporary
contract; in Column (5) the change between t− 1 and t+1 in the share of permanent jobs; in Column (6) the symmetric
growth rate between t− 1 and t+ 1 of sales. The variable of interest is the judge pro-worker bias computed as defined in
section 4.2. Low roa firms denote firms with a return on assets below the median the year before the judgment. Covariates
include Appeal court fixed effects, year fixed effects, the leave-one-out average industry annual growth rate of sales and
an indicator variable for economic dismissals. The upper part of the table displays coefficient α1 of equation (6) and the
bottom part coefficients β1 and β2 of equation (7). Standard errors, displayed in parentheses, are clustered at the judge
level. *, **, and *** denote statistical significance at 10, 5 and 1%. Source: DADS, FICUS-FARE, SIREN, Appeal court
rulings database.
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Table 14 – Judge pro-worker bias and firm performance 2 years after the judgment

(1) (2) (3) (4) (5) (6)

Survival

within

[t, t+ 2]

growth rate between t− 1 and t+ 2

Employment
Employment

cdi

Employment

cdd

Share

cdi
Sales

Pro-worker bias -0.003 -0.015** -0.014 0.008 -0.004 -0.017**

(0.003) (0.008) (0.009) (0.017) (0.004) (0.007)

R2 0.035 0.043 0.037 0.026 0.033 0.030

Pro-worker bias -0.007* -0.033** -0.024** 0.000 -0.004 -0.030***

× Low Roa (0.004) (0.011) (0.012) (0.024) (0.005) (0.009)

Pro-worker bias 0.001 0.001 -0.005 0.015 -0.005 -0.005

× High Roa (0.004) (0.012) (0.014) (0.024) (0.006) (0.010)

R2 0.035 0.044 0.037 0.026 0.033 0.031

# obs 4486.000 4486.000 4112.000 4112.000 4112.000 4395.000
Note: This table displays the estimates of the correlation between the judge bias and indicators of firms performance. t
denotes the year of the Appeal court judgment. The dependent variable is in Column (1) an indicator variable equal to
one if the firm survives 2 years after the judgment; in Column (2) the symmetric growth rate between t− 1 and t+ 2 of
firm’s employment; in Column (3) the symmetric growth rate between t− 1 and t+2 of firm’s employment in permanent
contract - cdi ; in Column (4) the symmetric growth rate between t − 1 and t + 2 of firm’s employment in temporary
contract; in Column (5) the change between t− 1 and t+2 in the share of permanent jobs; in Column (6) the symmetric
growth rate between t− 1 and t+ 2 of sales. The variable of interest is the judge pro-worker bias computed as defined in
section 4.2. Low roa firms denote firms with a return on assets below the median the year before the judgment. Covariates
include Appeal court fixed effects, year fixed effects, the leave-one-out average industry annual growth rate of sales and
an indicator variable for economic dismissals. The upper part of the table displays coefficient α1 of equation (6) and the
bottom part coefficients β1 and β2 of equation (7). Standard errors, displayed in parentheses, are clustered at the judge
level. *, **, and *** denote statistical significance at 10, 5 and 1%. Source: DADS, FICUS-FARE, SIREN, Appeal court
rulings database.
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Table 15 – Judge pro-worker bias and firm performance 3 years after the judgment

(1) (2) (3) (4) (5) (6)

Survival

within

[t, t+ 3]

growth rate between t− 1 and t+ 3

Employment
Employment

cdi

Employment

cdd

Share

cdi
Sales

Pro-worker bias -0.007** -0.015* -0.018* 0.001 -0.008* -0.023**

(0.003) (0.009) (0.010) (0.022) (0.005) (0.008)

R2 0.044 0.046 0.046 0.031 0.039 0.028

Pro-worker bias -0.010** -0.035*** -0.031** -0.005 -0.009 -0.047***

× Low Roa (0.005) (0.010) (0.012) (0.023) (0.006) (0.011)

Pro-worker bias -0.004 0.003 -0.006 0.006 -0.007 -0.001

× High Roa (0.004) (0.012) (0.014) (0.033) (0.006) (0.012)

R2 0.044 0.047 0.046 0.031 0.039 0.030

# obs 4486.000 4486.000 4112.000 4112.000 4112.000 4398.000
Note: This table displays the estimates of the correlation between the judge bias and indicators of firms performance. t
denotes the year of the Appeal court judgment. The dependent variable is in Column (1) an indicator variable equal to
one if the firm survives 3 years after the judgment; in Column (2) the symmetric growth rate between t− 1 and t+ 3 of
firm’s employment; in Column (3) the symmetric growth rate between t− 1 and t+3 of firm’s employment in permanent
contract - cdi ; in Column (4) the symmetric growth rate between t − 1 and t + 3 of firm’s employment in temporary
contract; in Column (5) the change between t− 1 and t+3 in the share of permanent jobs; in Column (6) the symmetric
growth rate between t− 1 and t+ 3 of sales. The variable of interest is the judge pro-worker bias computed as defined in
section 4.2. Low roa firms denote firms with a return on assets below the median the year before the judgment. Covariates
include Appeal court fixed effects, year fixed effects, the leave-one-out average industry annual growth rate of sales and
an indicator variable for economic dismissals. The upper part of the table displays coefficient α1 of equation (6) and the
bottom part coefficients β1 and β2 of equation (7). Standard errors, displayed in parentheses, are clustered at the judge
level. *, **, and *** denote statistical significance at 10, 5 and 1%. Source: DADS, FICUS-FARE, SIREN, Appeal court
rulings database.
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Table 16 – Judge pro-worker bias and firm performance 3 years after the judgment -
conditional on surviving

(1) (2) (3) (4) (5)

growth rate between t-1 and t+3

Employment
Employment

cdi
Employment

cdd
Share
cdi

Sales

Pro-worker bias -0.002 -0.003 0.008 -0.000 -0.009*
(0.006) (0.007) (0.022) (0.004) (0.006)

R2 0.040 0.038 0.033 0.027 0.029

Pro-worker bias × Low Roa -0.016** -0.013 0.006 0.000 -0.027**
(0.008) (0.008) (0.025) (0.004) (0.008)

Pro-worker bias × High Roa 0.011 0.006 0.010 -0.001 0.006
(0.009) (0.012) (0.033) (0.005) (0.009)

R2 0.041 0.038 0.033 0.027 0.030
# obs 4149.000 3797.000 3797.000 3797.000 4062.000
Note: This table displays the estimates of the correlation between the judge bias and indicators of firms performance for
surviving firms. t denotes the year of the Appeal court judgment. The dependent variable is in Column (1) the symmetric
growth rate between t − 1 and t + 3 of firm’s employment; in Column (2) the symmetric growth rate between t − 1 and
t + 3 of firm’s employment in permanent contract - cdi ; in Column (3) the symmetric growth rate between t − 1 and
t + 3 of firm’s employment in temporary contract; in Column (4) the change between t − 1 and t + 3 in the share of
permanent jobs; in Column (5) the symmetric growth rate between t− 1 and t+3 of sales. The variable of interest is the
judge pro-worker bias computed as defined in section 4.2. Low roa firms denote firms with a return on assets below the
median the year before the judgment. Covariates include Appeal court fixed effects, year fixed effects, the leave-one-out
average industry annual growth rate of sales and an indicator variable for economic dismissals. The upper part of the
table displays coefficient α1 of equation (6) and the bottom part coefficients β1 and β2 of equation (7). Standard errors,
displayed in parentheses, are clustered at the judge level. *, **, and *** denote statistical significance at 10, 5 and 1%.
Source: DADS, FICUS-FARE, SIREN, Appeal court rulings database.

46



Table 17 – Judge pro-worker bias and firm performance 3 years after the judgment in
small firms

(1) (2) (3) (4) (5) (6)

Survival

within

[t, t+ 3]

growth rate between t− 1 and t+ 3

Employment
Employment

cdi

Employment

cdd

Share

cdi
Sales

Pro-worker bias -0.016** -0.016 -0.027 -0.012 -0.017** -0.024

(0.007) (0.016) (0.018) (0.025) (0.007) (0.017)

R2 0.058 0.059 0.061 0.069 0.064 0.053

Pro-worker bias -0.027** -0.064** -0.058** -0.022 -0.023** -0.063**

× Low Roa (0.011) (0.022) (0.024) (0.039) (0.011) (0.021)

Pro-worker bias -0.005 0.030 0.004 -0.001 -0.011 0.012

× High Roa (0.007) (0.020) (0.025) (0.033) (0.010) (0.024)

R2 0.060 0.063 0.062 0.069 0.064 0.057

# obs 1902.000 1902.000 1750.000 1750.000 1750.000 1893.000
Note: This table displays the estimates of the correlation between the judge bias and indicators of firms performance
for the sample of small firms, below 10 employees the year before the judgment. t denotes the year of the Appeal court
judgment. The dependent variable is in Column (1) an indicator variable equal to one if the firm survives 3 years after
the judgment; in Column (2) the symmetric growth rate between t − 1 and t + 3 of firm’s employment; in Column (3)
the symmetric growth rate between t− 1 and t+ 3 of firm’s employment in permanent contract - cdi ; in Column (4) the
symmetric growth rate between t − 1 and t + 3 of firm’s employment in temporary contract; in Column (5) the change
between t−1 and t+3 in the share of permanent jobs, in Column (6) the symmetric growth rate between t−1 and t+3 of
sales. The variable of interest is the judge pro-worker bias computed as defined in section 4.2. Low roa firms denote firms
with a return on assets below the median the year before the judgment. Covariates include Appeal court fixed effects,
year fixed effects, the leave-one-out average industry annual growth rate of sales and an indicator variable for economic
dismissals. The upper part of the table displays coefficient α1 of equation (6) and the bottom part coefficients β1 and
β2 of equation (7). Standard errors, displayed in parentheses, are clustered at the judge level. *, **, and *** denote
statistical significance at 10, 5 and 1%. Source: DADS, FICUS-FARE, SIREN, Appeal court rulings database.
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Table 18 – Judge pro-worker bias and firm performance 3 years after the judgment in
medium-sized firms

(1) (2) (3) (4) (5) (6)

Survival

within

[t, t+ 3]

growth rate between t− 1 and t+ 3

Employment
Employment

cdi

Employment

cdd

Share

cdi
Sales

Pro-worker bias 0.001 -0.014 -0.011 0.000 0.000 -0.020**

(0.003) (0.011) (0.010) (0.031) (0.005) (0.009))

R2 0.065 0.082 0.079 0.051 0.060 0.054

Pro-worker bias 0.002 -0.017 -0.014 -0.001 0.002 -0.036**

× Low Roa (0.006) (0.015) (0.015) (0.033) (0.007) (0.015)

Pro-worker bias -0.001 -0.011 -0.007 0.001 -0.001 -0.004

× High Roa (0.004) (0.013) (0.014) (0.046) (0.005) (0.010)

R2 0.065 0.082 0.079 0.051 0.060 0.055

# obs 2581.000 2581.000 2359.000 2359.000 2359.000 2502.000
Note: This table displays the estimates of the correlation between the judge bias and indicators of firms performance
for the sample of medium-sized firms, with 10 to 100 employees the year before the judgment. t denotes the year of the
Appeal court judgment. The dependent variable is in Column (1) an indicator variable equal to one if the firm survives
3 years after the judgment; in Column (2) the symmetric growth rate between t − 1 and t + 3 of firm’s employment; in
Column (3) the symmetric growth rate between t − 1 and t + 3 of firm’s employment in permanent contract - cdi ; in
Column (4) the symmetric growth rate between t−1 and t+3 of firm’s employment in temporary contract; in Column (5)
the change between t−1 and t+3 in the share of permanent jobs; in Column (6) the symmetric growth rate between t−1

and t+ 3 of sales. The variable of interest is the judge pro-worker bias computed as defined in section 4.2. Low roa firms
denote firms with a return on assets below the median the year before the judgment. Covariates include Appeal court
fixed effects, year fixed effects, the leave-one-out average industry annual growth rate of sales and an indicator variable for
economic dismissals. The upper part of the table displays coefficient α1 of equation (6) and the bottom part coefficients
β1 and β2 of equation (7). Standard errors, displayed in parentheses, are clustered at the judge level. *, **, and ***
denote statistical significance at 10, 5 and 1%. Source: DADS, FICUS-FARE, SIREN, Appeal court rulings database.
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Table 19 – First-stage IV estimates

(1) (2) (3) (4)

All size All size Small firms Small firms

All Roa 1.910*** 2.267***
(0.262) (0.500)

Low Roa 1.595*** 2.393***
(0.385) (0.866)

High Roa 2.208*** 2.924***
(0.457) (0.928)

R2 0.064 0.064 0.075 0.075
F 15.79 13.17 6.01 5.05
# obs 4486 4486 1902 1902

Note: This table presents the first-stage estimates of the IV regression where the share of total compensation for wrongful
dismissal in the payroll of the year preceding the judgment is instrumented by the judge fixed-effect. Each cell corresponds
to one regression where the dependent variable is the share of total compensation for wrongful dismissal in the payroll of
the year preceding the judgment. Column (1) displays the results for all firms with less than 100 employees on 31 December
before the judgment year; Column (2) for firms with less than 100 employees on 31 December before the judgment year
with either low (below the median) or high return on assets; Column (3) and (4) display similar results for firms with less
than 10 employees on 31 December before the judgment year. Covariates include Appeal court fixed effects, year fixed
effects, the leave-one-out average industry annual growth rate of sales and an indicator variable for economic dismissals.
Standard errors, displayed in parentheses, are clustered at the judge level. *, **, and *** denote statistical significance
at 10, 5 and 1%s, are clustered at the judge level. Source: DADS, FICUS-FARE, SIREN, Appeal court rulings database.
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Table 20 – Second-stage IV estimates of the effects of total compensations for wrongful
dismissal on firm performance 3 years after the judgment

(1) (2) (3) (4) (5) (6)

Survival

within

[t, t+ 3]

growth rate between t− 1 and t+ 3

Employment
Employment

cdi

Employment

cdd

Share

cdi
Sales

Total amount -0.005** -0.011* -0.013* 0.000 -0.006* -0.016**

(0.002) (0.006) (0.007) (0.015) (0.003) (0.005

Total amount -0.008 -0.031** -0.031** 0.011 -0.009 -0.041**

× Low Roa (0.005) (0.013) (0.015) (0.023) (0.007) (0.014)

Total amount -0.003 0.002 -0.004 -0.001 -0.004 0.000

× High Roa (0.002) (0.007) (0.007) (0.017) (0.003) (0.006)

# obs 4486.000 4486.000 4112.000 4112.000 4112.000 4398.000
Note: This table displays the second stage of the IV estimates where Total amount, which corresponds to the share of
total compensation for wrongful dismissal in the total payroll of the year preceding the judgment, is instrumented by
the judge bias. t denotes the year of the Appeal court judgment. The dependent variable is in Column (1) an indicator
variable equal to one if the firm survives 3 years after the judgment; in Column (2) the symmetric growth rate between
t−1 and t+3 of firm’s employment; in Column (3) the symmetric growth rate between t−1 and t+3 of firm’s employment
in permanent contract - cdi ; in Column (4) the symmetric growth rate between t − 1 and t + 3 of firm’s employment in
temporary contract; in Column (5) the change between t− 1 and t+3 in the share of permanent jobs; in Column (6) the
symmetric growth rate between t− 1 and t+3 of sales. The variable of interest is the judge pro-worker bias computed as
defined in section 4.2. Low roa firms denote firms with a return on assets below the median the year before the judgment.
Covariates include Appeal court fixed effects, year fixed effects, the leave-one-out average industry annual growth rate of
sales and an indicator variable for economic dismissals. Standard errors, displayed in parentheses, are clustered at the
judge level. *, **, and *** denote statistical significance at 10, 5 and 1%. Source: DADS, FICUS-FARE, SIREN, Appeal
court rulings database.
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Table 21 – Second-stage IV estimates of the effects of total compensations for wrongful
dismissal on performance of firms below 10 employees 3 years after the judgment

(1) (2) (3) (4) (5) (6)

Survival

within

[t, t+ 3]

growth rate between t− 1 and t+ 3

Employment
Employment

cdi

Employment

cdd

Share

cdi
Sales

Total amount -0.008** -0.008 -0.013 -0.006 -0.008** -0.012

(0.004) (0.008) (0.009) (0.012) (0.004) (0.009)

Total amount -0.014* -0.030* -0.031 0.004 -0.014 -0.036***

× Low Roa (0.008) (0.016) (0.019) (0.022) (0.009) (0.018)

Total amount -0.001 0.014 0.004 0.003 -0.003 0.007

× High Roa (0.003) (0.009) (0.008) (0.014) (0.004) (0.010)

# obs 1904.000 1904.000 1752.000 1752.000 1752.000 1895.000
Note: This table displays the second stage of the IV estimates where Total amount, which corresponds to the share of
total compensation for wrongful dismissal in the total payroll of the year preceding the judgment, is instrumented by
the judge bias. t denotes the year of the Appeal court judgment. The dependent variable is in Column (1) an indicator
variable equal to one if the firm survives 3 years after the judgment; in Column (2) the symmetric growth rate between
t−1 and t+3 of firm’s employment; in Column (3) the symmetric growth rate between t−1 and t+3 of firm’s employment
in permanent contract - cdi ; in Column (4) the symmetric growth rate between t − 1 and t + 3 of firm’s employment in
temporary contract; in Column (5) the change between t− 1 and t+3 in the share of permanent jobs; in Column (6) the
symmetric growth rate between t− 1 and t+3 of sales. The variable of interest is the judge pro-worker bias computed as
defined in section 4.2. Low roa firms denote firms with a return on assets below the median the year before the judgment.
Covariates include Appeal court fixed effects, year fixed effects, the leave-one-out average industry annual growth rate of
sales and an indicator variable for economic dismissals. Standard errors, displayed in parentheses, are clustered at the
judge level. *, **, and *** denote statistical significance at 10, 5 and 1%. Source: DADS, FICUS-FARE, SIREN, Appeal
court rulings database.
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Table 22 – Judge pro-worker bias and small low-performing firm performance 3 years after
the judgment, with quadratic terms

(1) (2) (3) (4) (5) (6)

Survival

within

[t, t+ 3]

growth rate between t− 1 and t+ 3

Employment
Employment

cdi

Employment

cdd

Share

cdi
Sales

Pro-worker bias -0.026** -0.058** -0.055** 0.005 -0.025** -0.066**

(0.012) (0.024) (0.026) (0.041) (0.012) (0.023)

Pro-worker bias2 -0.004 0.009 0.004 0.008 -0.004 0.006

(0.006) (0.014) (0.015) (0.029) (0.008) (0.015)

R2 0.134 0.111 0.113 0.109 0.135 0.104

# obs 973.000 973.000 911.000 911.000 911.000 966.000
Note: This table displays estimates of the correlation between the judge bias and indicators of firms performance for firms
below 10 employees whose return on assets is below the median the year preceding the judgment. t denotes the year of the
Appeal court judgment. The dependent variable is in Column (1) an indicator variable equal to one if the firm survives
3 years after the judgment; in Column (2) the symmetric growth rate between t − 1 and t + 3 of firm’s employment; in
Column (3) the symmetric growth rate between t − 1 and t + 3 of firm’s employment in permanent contract - cdi ; in
Column (4) the symmetric growth rate between t− 1 and t+ 3 of firm’s employment in temporary contract; in Column
(5) the change between t− 1 and t+3 in the share of permanent jobs; in Column (6) the symmetric growth rate between
t−1 and t+3 of sales. The variable of interest is the judge pro-worker bias computed as defined in section 4.2. Covariates
include Appeal court fixed effects, year fixed effects, the leave-one-out average industry annual growth rate of sales and
an indicator variable for economic dismissals. Standard errors, displayed in parentheses, are clustered at the judge level.
*, **, and *** denote statistical significance at 10, 5 and 1%. Source: DADS, FICUS-FARE, SIREN, Appeal court rulings
database.
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Table 23 – Placebo tests: Judge pro-worker bias and firm performance before the judgment

(1) (2) (3) (4) (5)

growth rate between t-2 and t-1

Employment
Employment

cdi
Employment

cdd
Share
cdi

Sales

All firms
Pro-worker bias × Low Roa -0.005 -0.001 -0.004 0.002 -0.001

(0.007) (0.008) (0.021) (0.005) (0.006)
Pro-worker bias × High Roa -0.005 -0.002 0.036 0.003 0.006

(0.005) (0.010) (0.023) (0.009) (0.005)
R2 0.039 0.047 0.034 0.042 0.035
# obs 4282 3420 3420 3420 4224

Small firms
Pro-worker bias × Low Roa -0.001 -0.008 -0.040 -0.005 0.000

(0.011) (0.013) (0.028) (0.009) (0.008)
Pro-worker bias × High Roa -0.005 -0.0028 0.050 - 0.014 0.009

(0.010) (0.020) (0.034) (0.017) (0.010)
R2 0.083 0.089 0.067 0.068 0.075
# obs 1843 1477 1477 1477 1829

Note: This table displays the estimates of the correlation between the judge bias and indicators of firm performance. t
denotes the year of the Appeal court judgment. The dependent variable is in Column (1) the symmetric growth rate
between t− 2 and t− 1 of firm’s employment; in Column (2) the symmetric growth rate between t− 2 and t− 1 of firm’s
employment in permanent contract - cdi ; in Column (3) the symmetric growth rate between t − 2 and t − 1 of firm’s
employment in temporary contract; in Column (4) the change between t− 2 and t− 1 in the share of permanent jobs; in
Column (5) the symmetric growth rate between t− 2 and t− 1 of sales. The variable of interest is the judge pro-worker
bias computed as defined in section 4.2. Low roa firms denote firms with a return on assets below the median the year
before the judgment. Covariates include Appeal court fixed effects, year fixed effects, the leave-one-out average industry
annual growth rate of sales and an indicator variable for economic dismissals. The table displays coefficient coefficients
β1 and β2 of equation (7) for all firms in the top panel and for firms with less than 10 employees the year before the
judgment. Standard errors, displayed in parentheses, are clustered at the judge level. *, **, and *** denote statistical
significance at 10, 5 and 1%. Source: DADS, FICUS-FARE, SIREN, Appeal court rulings database.
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Table 24 – Judge pro-worker bias and firm performance 3 years after the judgment -
according to return on equity

(1) (2) (3) (4) (5) (6)

Survival

within

[t, t+ 3]

growth rate between t− 1 and t+ 3

Employment
Employment

cdi

Employment

cdd

Share

cdi
Sales

All firms

Pro-worker bias -0.011** -0.037** -0.043*** -0.005 -0.013** -0.047***

× Low Roe (0.004) (0.011) (0.012) (0.029) (0.006) (0.011)

Pro-worker bias -0.003 0.010 0.010 0.008 -0.001 -0.002

× High Roe (0.005) (0.012) (0.015) (0.028) (0.007) (0.011)

R2 0.044 0.047 0.046 0.031 0.039 0.030

# obs 4447 4447 4084 4084 4084 4369

Small firms

Pro-worker bias -0.025*** -0.062** -0.087*** -0.036 -0.028** -0.063***

× Low Roe (0.007) (0.021) (0.020) (0.038) (0.010) (0.017)

Pro-worker bias -0.003 0.036 0.038 0.014 -0.002 0.019

× High Roe (0.010) (0.023) (0.032) (0.030) (0.013) (0.023)

R2 0.054 0.057 0.061 0.069 0.061 0.058

# obs 1887 1887 1735 1735 1735 1878
Note: This table displays the estimates of the correlation between the judge bias and indicators of firm performance. t
denotes the year of the Appeal court judgment. The dependent variable is in Column (1) an indicator variable equal to
one if the firm survives 3 years after the judgment; in Column (2) the symmetric growth rate between t− 1 and t+ 3 of
firm’s employment; in Column (3) the symmetric growth rate between t− 1 and t+3 of firm’s employment in permanent
contract - cdi ; in Column (4) the symmetric growth rate between t − 1 and t + 3 of firm’s employment in temporary
contract; in Column (5) the change between t− 1 and t+3 in the share of permanent jobs; in Column (6) the symmetric
growth rate between t− 1 and t+ 3 of sales. The variable of interest is the judge pro-worker bias computed as defined in
section 4.2. Low roe firms denote firms with a return on equity below the median the year before the judgment. Covariates
include Appeal court fixed effects, year fixed effects, the leave-one-out average industry annual growth rate of sales and
an indicator variable for economic dismissals. The upper part of the table displays coefficient α1 of equation (6) and the
bottom part coefficients β1 and β2 of equation (7). Standard errors, displayed in parentheses, are clustered at the judge
level. *, **, and *** denote statistical significance at 10, 5 and 1%. Source: DADS, FICUS-FARE, SIREN, Appeal court
rulings database.
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Table 25 – Judge pro-worker bias and firm performance 3 years after the judgment - Large
Appeal courts

(1) (2) (3) (4) (5) (6)

Survival

within

[t, t+ 3]

growth rate between t− 1 and t+ 3

Employment
Employment

cdi

Employment

cdd

Share

cdi
Sales

Pro-worker bias -0.012** -0.035*** -0.030** -0.039* -0.006 -0.028**

0.050 0.058 0.060 0.050 0.053 0.044

R2 0.050 0.058 0.060 0.050 0.053 0.044

Pro-worker bias -0.010 -0.038*** -0.029** 0.007 -0.005 -0.024*

× Low Roa. (0.007) (0.010) (0.013) (0.026) (0.009) (0.012)

Pro-worker bias -0.014*** -0.032** -0.030* -0.084** -0.006 -0.032*

× High Roa (0.004) (0.013) (0.015) (0.025) (0.008) (0.018)

R2 0.050 0.058 0.060 0.052 0.053 0.044

# obs 2074.000 2074.000 1907.000 1907.000 1907.000 2022.000
Note: This table displays the estimates of the correlation between the judge bias and indicators of firm performance
in large Appeal courts which comprise several social chambers. t denotes the year of the Appeal court judgment. The
dependent variable is in Column (1) an indicator variable equal to one if the firm survives 3 years after the judgment; in
Column (2) the symmetric growth rate between t−1 and t+3 of firm’s employment; in Column (3) the symmetric growth
rate between t− 1 and t+3 of firm’s employment in permanent contract - cdi ; in Column (4) the symmetric growth rate
between t − 1 and t + 3 of firm’s employment in temporary contract; in Column (5) the change between t − 1 and t + 3

in the share of permanent jobs; in Column (6) the symmetric growth rate between t− 1 and t+ 3 of sales. The variable
of interest is the judge pro-worker bias computed as defined in section 4.2. Low roe firms denote firms with a return on
equity below the median the year before the judgment. Covariates include Appeal court fixed effects, year fixed effects,
the leave-one-out average industry annual growth rate of sales and an indicator variable for economic dismissals. The
upper part of the table displays coefficient α1 of equation (6) and the bottom part coefficients β1 and β2 of equation (7).
Standard errors, displayed in parentheses, are clustered at the judge level. *, **, and *** denote statistical significance
at 10, 5 and 1%. Source: DADS, FICUS-FARE, SIREN, Appeal court rulings database.
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(b) New Appeal court cases coming from
Prud’hommes

Figure 1 – Number of new Prud’hommes cases per year and new Appeal court cases
coming from Prud’hommes per year in France

Note: Figure (a) on the left displays the numbers of new cases opened per year for all French Employment Tribunals
(including non-metropolitan France). Figure (b) on the right displays the numbers of new Appeal court cases coming
from Prud’hommes opened per year. Figures were constructed using datasets on Prud’hommes and Appeal court activity
available on the website of the French Ministry of Justice. Numbers displayed do not include requests for interim measures
(demande en référé). Source: Appeal court rulings database.

Figure 2 – Example of end of Appeal court ruling

Source: Appeal court rulings database.
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Figure 3 – Histogram of compensation amounts in monthly wage

Note: This graph is an histogram of compensation amounts in monthly wages, conditional on this amount being
positive. Only amounts lower than 50 months of salary are displayed. Source: Appeal court rulings database.

Figure 4 – Compensations for wrongful dismissals and seniority

Note: These graphs are scatter plots of compensations for wrongful dismissals depending on seniority. Compensations are
expressed in monthly wage. The left panel displays compensations set by prud’hommes and the right panel displays compen-
sations set by Appeal courts. Source: Appeal court rulings database.
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Figure 5 – Relation between compensations for wrongful dismissals set by Appeal courts
and by prud’hommes

Note: This graph is a scatter plot of the compensations for wrongful dismissals set by Appeal courts and by prud’hommes.
Compensations are expressed in monthly wage. Source: Appeal court rulings database.
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Figure 6 – Histogram of frequency of dismissals deemed unfair per judge

Note: This Figure exhibits the histogram of frequency of dismissals deemed unfair per judge. Case-
level data are used, therefore the number of observations used is the number of different cases for
which we are able to compute the pro-worker bias. Source: Appeal court rulings database.
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Figure 7 – Relation between mean compensation per judge for unfair dismissal and mean
compensation granted for other reasons

Note: This figure exhibits the scatter plot of mean compensation in month of salary for unfair
dismissal per judge, grouped in 20 equal-sized bins, against the mean compensation for other
reasons. Case-level data are used, therefore the number of observations used is the number of
different cases for which we are able to compute the pro-worker bias. Source: Appeal court rulings
database.
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Figure 8 – Histogram of mean compensation per judge

Note: This figure exhibits the histogram of mean compensation in month of salary per judge. Case-
level data are used, therefore the number of observations used is the number of different cases for
which we are able to compute the pro-worker bias. Source: Appeal court rulings database.

Figure 9 – Allocation of cases exploited for identification

Note: This figure displays the allocation of cases to judges used for identification. Within an Appeal court, there may be
several social chambers. Within each social chamber, there is, at an instant t, one chamber president who judges the cases.
When judges change assignments in the course of a year, for instance in 2014, one can identify the allocation to president
A or president B.
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Figure 10 – Network of judges

Note: Each dot represents a judge. Two dots are connected if the two judges shared the same social chamber at least once.
The higher the network density, the higher the mobility of judges across social chambers. If judges were not mobile whatsoever,
one would observe perfectly distinct judge clusters, each cluster representing one social chamber. Source: Appeal court rulings
database.

Figure 11 – Judge pro-worker bias with respect to the dismissal qualification

Note: This figure displays the histogram of pro-worker biases of judges with respect to the qualification of
dismissals in background and a local polynomial fit of the indicator variable equal to one if the dismissal is
deemed wrongful, represented by the red line. The grey lines display the frontiers of the 95% confidence interval
of the local polynomial fit. Case-level data are used, therefore the number of observations is the number of
different cases for which we are able to compute the pro-worker bias reported in Table 2. The pro-worker bias is
computed as defined in Section 4.2. Source: Appeal court rulings database.
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Figure 12 – Judges pro-worker biases with respect to the compensation in months of salary

Note : This figure displays the histogram of the pro-worker biases of judges with respect to the total amount of
compensation for wrongful dismissal and a local polynomial fit of the total amount of compensation, represented
by the red line. The grey lines display the frontiers of the 95% confidence interval of the local polynomial fit.
Case-level data are used, therefore the number of observations is the number of different cases for which we
are able to compute the pro-worker bias reported in Table 2. The pro-worker bias is computed as defined in
Section 4.2. Source: Appeal court rulings database.

Figure 13 – Correlation between the two indices of pro-worker biases

Note: This figure is a scatter plot of the pro-worker bias measure computed from the dismissal qualification and the pro-
worker bias computed from the compensation amount, conditional on being positive. Pro-worker biases are computed as
defined in Section 4.2. Source: Appeal court rulings database.
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Figure 14 – Event study: employment growth rate difference between firms judged by
pro-worker and pro-employer judges

Note: This figure displays the average difference in symmetric employment growth rates relative to the year preceding the
judgment year t between the group of firms which face a pro-worker judge, whose bias is above the median, and the group
of firms which face a pro-employer judge, whose bias is below the median. The average difference in year k,k ∈ [−3, 3]
relative to the judgment year t is equal to coefficient βproworker

k of equation (5). The left top panel reports the results for
all firms under 100 employees and the right top panel for firms under 100 employees whose return on assets is below the
median. The bottom panel provides similar graphs for firms with less than 10 employees. Standard errors are clustered at
the judge level. Source: DADS, FICUS-FARE, SIREN, Appeal court rulings database.
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Figure 15 – Event study: employment growth rate difference between firms judged by
pro-worker and pro-employer judges (with control variables)

Note: This figure displays the average difference in symmetric employment growth rates relative to the year preceding the
judgment year t between the group of firms which face a pro-worker judge, whose bias is above the median, and the group
of firms which face a pro-employer judge, whose bias is below the median. The average difference in year k,k ∈ [−3, 3]
relative to the judgment year t is equal to coefficient βproworker

k of equation (5) controlling for year fixed effect, firm age, an
indicator variable for economic dismissals, the return on assets in the previous year and the leave-one-out average industry
annual growth rate of sales. The left top panel reports the results for all firms under 100 employees and the right top panel
for firms under 100 employees whose return on assets is below the median. The bottom panel provides similar graphs for
firms with less than 10 employees. Standard errors are clustered at the judge level. Source: DADS, FICUS-FARE, SIREN,
Appeal court rulings database.
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Figure 16 – Event study: permanent employment growth rate difference between firms
judged by pro-worker and pro-employer judges

Note: This figure displays the average difference in symmetric permanent employment growth rates relative to the year
preceding the judgment year t between the group of firms which face a pro-worker judge, whose bias is above the median,
and the group of firms which face a pro-employer judge, whose bias is below the median. The average difference in year
k,k ∈ [−3, 3] relative to the judgment year t is equal to coefficient βproworker

k of equation (5). The left top panel reports
the results for all firms under 100 employees and the right top panel for firms under 100 employees whose return on assets
is below the median. The bottom panel provides similar graphs for firms with less than 10 employees. Standard errors are
clustered at the judge level. Source: DADS, FICUS-FARE, SIREN, Appeal court rulings database.
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Figure 17 – Event study: temporary employment growth rate difference between firms
judged by pro-worker and pro-employer judges

Note: This figure displays the average difference in symmetric temporary employment growth rates relative to the year
preceding the judgment year t between the group of firms which face a pro-worker judge, whose bias is above the median,
and the group of firms which face a pro-employer judge, whose bias is below the median. The average difference in year
k,k ∈ [−3, 3] relative to the judgment year t is equal to coefficient βproworker

k of equation (5). The left top panel reports
the results for all firms under 100 employees and the right top panel for firms under 100 employees whose return on assets
is below the median. The bottom panel provides similar graphs for firms with less than 10 employees. Standard errors are
clustered at the judge level. Source: DADS, FICUS-FARE, SIREN, Appeal court rulings database.
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Figure 18 – Augmented component-plus-residual plot

Note: This figure is an augmented component-plus-residual plot of the reduced form estimation of the correlation between
the judge bias and the employment growth of firms with fewer than 10 employees and whose return on assets is below
the median at 3-year horizon displayed in Table 17. The non-linear line is a lowess smooth of the plotted points. Source:
DADS, FICUS-FARE, SIREN, Appeal court rulings database.
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Figure 19 – Counter factual exercises

Note: This figure reports the results of counterfactual exercises in which we cap judge bias at several percentiles of the
distribution of bias. To do so, we first estimate the predicted outcomes of firms from the estimation of equation (5) applied
to our initial sample with 1,000 bootstrap replications. This yields a distribution of predicted outcomes with the actual
distribution of judge bias. Then, we repeat the same exercise for the samples with counterfactual distributions of the judge
bias to obtain the distributions of predicted outcomes with counterfactual distributions of judge bias. The top panel and
the bottom panel respectively report the mean and the 95% confidence interval of the differences between those predicted
outcomes three years after the judgments for the survival rate and the employment growth rate at 3 year-horizon for firms
with fewer than 10 employees whose return on assets is below the median the year preceding the judgment. Source: DADS,
FICUS-FARE, SIREN, Appeal court rulings database.
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A APPENDIX

A.1 Caps on dismissal compensation in European countries
A majority of European countries have set rules that limit the amounts granted by judges in
case of unfair dismissal (excluding cases of discrimination or harassment):

• In Italy, a fixed amount compensating an unfair dismissal was introduced in 2014 by the
so-called (Jobs Act) for the new indefinite-duration contract with progressive employment
protection, which depends on seniority: from 4 months for less than 2 years of seniority to
24 months for 12 years of seniority. From these amounts one must deduce the compensation
received at the time of dismissal. In 2018 the Italian Constitutional Court overruled this
regulation, stating that the amount of compensation to the worker cannot be based only
on her seniority.

• In Germany the schedule depends on seniority and reaches 12 months of salary (and even
15 months if the worker is more than 50 years old with more than 15 years of seniority,
and 18 months if more than 55 years old with more than 20 years of service).

• In Austria, the schedule depends on seniority: for those with less than 2 years the amount
is 6 weeks of salary; between 2 and 5 years it is 2 months; between 5 and 15 years, 3
months; between 15 and 25 months, 4 months; beyond that: 5 months of salary.

• In Belgium, the minimum compensation is 3 weeks and the maximum 17 weeks of salary.

• In Denmark, worker compensation is capped at 1 year of salary for blue-collar; for white-
collar workers, compensation goes up to half of the wages received during the notice period,
capped at 3 months for those under 30, at 4 months if more than 10 years of service and 6
months if they have more than 15 years of service.

• In Spain, the indemnity is set at 33 days per year of seniority with a maximum of 24
months of salary, for contracts signed since the 2012 labor market reform.

• In Finland, the allowance is between 3 (minimum) and 24 (maximum) months of salary,
depending on several factors including seniority, the age of the employee, the length of
unemployment period, or the loss of income.

• In the Netherlands, the schedule depends above all on the age of the employee (1/2
month of salary per year of seniority up to 35 years old, 1 month per year of seniority
between 35 and 45 years old, 1.5 month per year of seniority between 45 and 55 years
old, 2 months per year of seniority beyond 55), to which a correction factor can be added
depending on the exact situation. From these amounts one must deduce the compensation
received at the time of dismissal.

• In Portugal, the court may grant between 15 (minimum) and 45 (maximum) days of
salary per year of seniority with a minimum of 3 months.

• In the United Kingdom, for employees with more than two years of seniority the
allowance consists of two components (i) a basic allowance which depends on seniority and
capped at £ 14,250 and (ii) a compensatory allowance capped at one year of salary and
limited to £ 78,335.

• In Sweden, the allowance is 16 months of salary for employees with less than 5 years of
seniority, 24 months between 5 and 10 years, and 32 months for more than 10 years.
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• In France since 2017 (Ordonnances), compensation for unfair dismissal is capped by an
amount that depends on seniority varying from 1 month to 20 months for employees with
30 year or more of tenure, and cannot be less that 3 months of salary for employees with
at least 2 years of seniority (at least 11 years for those working in firms with fewer than 11
employees).

A.2 Computation of judge bias
To compute the bias of judges, we can estimate

yijkt = ηkt + νijkt (A1)

assuming E(νijkt|ηkt) = 0, meaning that the compensation awarded in case i is assumed to be
equal to a term common to all cases judged in the same chamber and year as case i plus a
random term. This implies that the chamber × year fixed effect in chamber k in year t is defined
by the expectation of the compensation yijkt in chamber k in year t:

ηkt = E(yijkt|k, t) (A2)

the sample counterpart of which is

η̂kt =
1

nkt

∑
i∈(k,t)

yi (A3)

where i ∈ (k, t) stands for all the cases judged in chamber k at date t and nkt is the number of
cases judged in chamber k in year t. The chamber k fixed effect in year t is equal to the average
of all compensations in chamber k in year t.

By definition, the estimator of the judge fixed effect, conditional on the chamber × year fixed
effect is

ε̂j =
1

nj

∑
i∈j

ν̂i (A4)

where i ∈ j stands for all cases i judges by judge j. Let us denote by (K,T )(j) the set of all
chamber × year pairs (k, t) observed for judge j. From equations (A1) and (A4), we can write

ε̂j =
1

nj

∑
i∈j

yi −
1

nj

∑
(k,t)∈(K,T )(j)

njkt
nkt

η̂kt (A5)

Equation (A5) shows, together with equation (A3), that ε̂j is equal to ε̄j defined in equation
(2).

A.3 Judge mobility and judge ranking
To illustrate the relation between the mobility of judges and their ranking according to their bias,
suppose a simple situation with one period only and four judges, A,B,C,D, ranked from the
least to the most (unknown) pro-worker bias. Suppose that A and D belong to the same social
chamber and that C and B belong to another social chamber during the whole period. Our
measure of the bias relies on the difference in the share of dismissals deemed wrongful by different
judges belonging to the same social chamber with respect to the average share of dismissals
deemed wrongful in that social chamber. It allows us to conclude that D is more pro-worker
than A and that C is more pro-worker than B. But it yields information neither about the
comparison of B and A nor about the comparison of D and C because the average share of
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dismissals deemed wrongful in the social chamber is different, and depends, among other factors,
on the true bias of judges allocated to the social chamber. Depending on the selection of judges
in social chambers according to their bias, we may conclude that the ranking is (by increasing
order of pro-worker bias) B,A,C,D, or B,C,A,D or A,D,B,C instead of the true ranking
A,B,C,D. In our approach, this problem is mitigated insofar as judges are mobile across social
chambers. In the previous example, A might, during the period of interest, share the same social
chamber as both D and B, which may enable us to rank A,B and A,D. Such judge mobility thus
may help us to exclude the erroneous rankings B,A,C,D and B,C,A,D. Hence, the higher the
degree of judge mobility, the higher the probability to achieve a perfect ranking.

A.4 Risk premium associated with the bias of judges
This appendix presents the computation of the approximation of the risk premium associated
with the bias of judges following standard treatment of the computation of risk premium (see e.g.
Eeckhoudt et al. (2005)).

Let us consider a lottery which yields w(1 + e), where w is a fixed amount and e is a random
variable, whose expected value is E(e) = 0. Let us denote by u the von Neumann and Morgenstern
utility function. The relative risk premium π associated with the random term e is defined by

E (u [w(1 + e)]) = u [w(1− π)] (A6)

First order approximation of u [w(1− π)] in the neighborhood of π = 0 yields:

u [w(1− π)] ' u(w)− πwu′(w)

Second order approximation of E [w(1 + e)] in the neighborhood of e = 0 yields:

E (u [w(1 + e)]) ' E
[
u(w) + weu′(w) +

1

2
(we)2 u

′′
(w)

]
= u(w) + wE(e)u′(w) +

1

2
E
(

(we)2
)
u

′′
(w)

= u(w) +
w2

2
E
(
e2
)
u

′′
(w)

Substituting these two approximations into equation (A6), we get

π ' 1

2
E
(
e2
)
ρ(w)

where ρ(w) = −wu
′′
(w)

u′(w) is the Arrow Prat coefficient of relative risk aversion.
Now, if we consider another lottery, which yields w(1 + e1), where w is the same fixed amount

as in the first lottery and e1 is a random variable, with E(e1) = 0, we can compute the risk
premium in the same way and get

π1 '
1

2
E
(
e21
)
ρ(w)

The two last equations imply that

π1 − π '
1

2

[
E
(
e21
)
− E

(
e2
)]
ρ(w) (A7)

In our setup, e1 can be defined as the random variable including judge bias and e as the random
variable without judge bias. Therefore, π1 − π can be interpreted as the risk premium associated
with the judge bias.
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The variance of total compensation is equal to

E
[
(w(1 + e1))

2
]
− [E (w(1 + e1))]

2 = w2E
(
e21
)

(A8)

Now, let us assume that the judge biases explain the share λ of the variance of total compensation,
i.e.

λ =
w2E

(
e21
)
− w2E

(
e2
)

w2E
(
e21
) =

E
(
e21
)
− E

(
e2
)

E
(
e21
)

Substituting in (A7) we get:

π1 − π ' λ
1

2
ρ(w)E

(
e21
)

or, using the expression of E
(
e21
)
given in equation (A8):

π1 − π ' λ
1

2
ρ(w)

V [w(1 + e1)]

w2

According to Table 2, the standard deviation of compensations for wrongful dismissal is equal
to 56,385 euros and the mean compensation amounts to 31,461 euros. Table 4 shows that the
dispersion of judges biases explains 0.3% of the variance of compensations for wrongful dismissals.
This implies that the risk premium is equal to (0.003)(1/2)(56385/31461)2 ≈ 0.0048 times the
coefficient of relative risk aversion, whose estimation is between 1 and 3 for workers (Chetty
(2006); Hendren (2017)) and smaller for firms which have more possibility of risk diversification.

A.5 Extraction of compensation amounts and other variables of

Appeal court rulings
This section provides additional details on the construction of our novel database of anonymized
Appeal court rulings. We use the universe of Appeal court ruling over ten years. The latter are
available and digitized on a systematic basis, contrary, to first instance rulings, which are collected
locally at the court level and are not compiled in a common legal database. We use Natural
Language Techniques (NLP) to extract the information from close to 145,000 text documents.
Each of these rulings is a few pages long, with some spreading over a dozen pages. Extracting
information accurately from textual documents that contain many digressions and qualitative
arguments is not a straightforward exercise. In order to reduce the complexity of the problem,
we exploit the structure of these legal documents, which follow a well-established template.

Structure and recognizable information within rulings

Each ruling can naturally be divided into roughly five blocks as follows i) a brief header with
the case number, the date of the audience, identities of the parties, etc.; ii) a description of the
history of the contractual relationship between the employee and the employer with the parties’
claims iii) a restatement of the decision appealed; iv) the main arguments behind the rulings
containing the reassessment by the Appeal Court of factual elements and the legal groundings of
the first-instance decision; and v) the conclusion ruling whether the dismissal is deemed wrongful,
and assigning monetary awards, if any. We split these main blocks by tagging the text with
specific legal keywords used to mark the boundaries of the different sections. For instance, the
conclusion is generally introduced by the expression "Par ces motifs" (For these reasons) or
variants thereof.

We then extract the information from each block and generate up to several hundred variables
for any given text. This is because there is a wide array of potential damages that can be sought
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by the parties and/or awarded. Besides compensation for wrongful dismissal (indemnité pour
licenciement sans cause réelle et sérieuse), the following compensations may also be awarded by
Appeal court judges: compensation for non-respect of the dismissal procedure; compensation for
unpaid wages (indemnité pour rappel de salaire); compensation for moral and financial damages
(indemnité pour préjudice moral et financier); compensation in lieu of notice period (indemnité
compensatrice de préavis) when the notice period was not respected; compensation under article
700 of the French Code of Civil Procedure, which covers the legal costs of the wining party;
compensation for unpaid annual leave (indemnité compensatrice de congés payés) ; allowance for
overtime hours (heures supplémentaires). An employee may receive these different compensations
concurrently.

It is important to track compensations along all these dimensions because the amounts
granted by judges under these various motives are not fully independent, even though in principle
the legal bases for granting them are distinct. In other words, it is possible that in a judge’s
assessment of the case the amounts become correlated. To detect substitution between the
different types of monetary awards, we keep track of all of them using initially more than twenty
categories before aggregating them. Because of the length of legal proceedings, some amounts,
still expressed in French francs before the adoption of the Euro in 2001, also need be appropriately
converted.

It turns out that judges often award these other types of compensation. They are awarded
alongside compensations for wrongful dismissal to workers, but not only that, as rightful dismissal
can also be marred by procedural irregularities. In total, out of 145,000 cases in our original
sample of court decisions, a positive amount is awarded to workers in 60% of the cases, whatever
the motive. Out of these cases receiving a positive amount, the dismissal is deemed unfair 61%
of the time. But workers also receive compensation for other reasons, such as paid leave (47% of
cases), advance notice (40%), salaries (13%) or overtime hours (7%) when these amounts were
due but had not been fully paid by the employer prior to the dismissal. More rarely do judges
award compensation for moral damage (2%), harassment (2%) or discrimination (0.3%). One or
several of these other types of compensation are awarded in 93% of the cases with a positive
amount paid to the worker at the end of the trial.

The data include a wide array of variables related to the case (compensations for wrongful
dismissals, worker seniority, wage, Appeal court, city of the Prud’hommes council, whether it was
the worker who appealed, etc.), as well as the firm’s name and address. Using the firm’s name
and address we are able to retrieve the firm identifier (SIREN ), and then link the compensation
dataset to matched employer-employee data as well as financial variables. The stages for the
construction of this dataset are the following.

Extracting wages and tenure requires paying close attention to the wording of rulings as
there is substantial heterogeneity in how they are reported. For instance tenure information
is sometimes not explicitly stated as a duration but can to be recovered from the mentions of
when the employee was hired. We therefore use multiple approaches to revover the information.
Recovering wages is crucial in order to express the compensation in terms of months of salary.
Again, we target a large number of keywords to detect mentions of annual, monthly, weekly, or
even hourly wages. Despite our best efforts, for some court rulings the information could not be
fully extracted, thus creating missing observations.

Variable selection and sample attrition

Heterogeneity in the writing of the rulings across jurisdictions and over time means that an
automatic extraction can generate mistakes and approximations. Therefore we conducted a series
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of manual checks on a subsample of 2,560 observations, selected at random. The manual dataset
creation was undertaken as part of a project of Pierre Cahuc and Stéphane Carcillo, and funded
by the Chaire sécurisation des parcours professionnels. To examine the Appeal court rulings
published by the Minister of Justice, ten research assistants were hired, each of them being in
charge of a given year. These assistants carried out the research with the following key words:
‘licenciement sans cause réelle et sérieuse’ (unfair dismissal) and ‘indemnités’ (compensation).
Even though the research assistants were asked to select randomly Appeal court rulings within
the year, some of them selected only rulings from particular months: the assistants in charge of
studying the 2009, 2010 and 2012 years mostly selected court rulings of September and October,
and marginally court rulings from November and December. We find that the correlation between
the compensation amount of the manually-filled and the automatically-filled datasets is equal
to 94%, which is in the upper range of seminal papers using this type of approach (Baker et al.
(2016)).
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